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Abstract
Climate change is impacting Arctic marine ecosystems at faster rates than the global average, challenging the manage-
ment and conservation of biodiversity and living marine resources. This study examined the climate risks and vulner-
abilities of 21 Arctic fish species occurring in the western Canadian Arctic using a fuzzy logic approach. Identified climatic 
hazards to marine species and their habitats are increasing temperature, decreasing sea ice cover, freshening, decreas-
ing oxygen concentration, and acidification. The nature of these hazards included changes in mean conditions by 2050 
(2041–2060), compared to the historical period (1979–2015 average) simulated from a regional coupled ice-ocean bio-
geochemical model and two coupled Earth system models under low and high emissions scenarios. A spatially-explicit 
algorithm was used to assess the risk and vulnerability in the Beaufort Sea shelf and slope and Amundsen Gulf (BS–AG) 
based on the species’ biological traits, biogeography and their exposure to climatic hazards. The results indicated high to 
very high exposure and risk of climate impacts across the ecosystem variables. Specifically, shallow areas were projected 
to be simultaneously exposed to more intense warming, reduced sea ice coverage, freshening, and acidification relative 
to the regional averages. In addition, for species occurring in the BS–AG, low adaptability and high sensitivity to climate 
hazards was identified. These applied tools and evaluations can inform marine spatial planning and climate adaptation 
efforts to help achieve conservation objectives and sustain ecosystem and community health in a changing Arctic climate.

Keywords  Beaufort Sea · Amundsen Gulf · MPAs · Marine spatial planning · Multi-stressors · Climate adaptation · Risk of 
impacts

1  Introduction

Anthropogenic-driven changes in Arctic Ocean conditions have important implications for individual species’ body 
size and long-term viability, as well as the biodiversity, structure, and function of sea ice and ocean ecosystems [32, 
66, 81]. Climate-induced changes to the community structure within an ecosystem are dependent on the unique 
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biological traits and biogeography of resident species [7, 47]. Information on physiological preferences, and toler-
ance ranges or thresholds (e.g., minimum, optimum, and maximum limits) of species to single and multiple ocean 
variables can help understand responses of predator–prey interactions, production and consumption rates, species 
distribution, and key life history processes to environmental changes. Quantitative indices have been developed and 
applied to understand the risk of marine species to climate change and other human stressors [17, 19, 44]. Most of 
these indices are grounded in the framework developed by the Intergovernmental Panel on Climate Change [34, 41], 
(Fig. 1). In this framework, the risk to species due to climate change is estimated by the probability of occurrence of 
hazardous conditions, and species’ exposure and vulnerability to those hazards (a climate-induced physical event 
with potential negative impacts to species or ecosystems) [40]. Species’ physiological tolerances and thresholds are 
important in determining the potential exposure level to climatic hazards, as well as species’ vulnerability, adaptive 
capacity, and sensitivity to such hazards [79].

Some species tend to adapt to short-term environmental changes using phenotypic plasticity, which is of particu-
lar use in highly variable environments [68, 72], therefore differences in plasticity are common across populations 
[48, 61, 89]. Typically, Arctic species are stenothermic (specialized or narrow physiological ranges and thresholds), 
while mid-latitude, temperate species are generally more eurythermic (generalized or wide ranges) [1, 6, 38, 43, 73, 
77, 84]. Stenotherms may be at a higher risk to climate change if they are near the limits of their thresholds [26, 39, 
83, 88]. Species that cannot physiologically adapt to changes in environmental conditions may respond by a shift in 
their distributions to different depths or temperature zones (e.g., colder waters) to maintain metabolic performance 
[13]. Distribution shifts may lead to potential disturbances in community structure and ecosystem functions [57]. 
The extent of adaptation in populations due to climate change can be attributed to strength of selection or competi-
tion, fecundity (number of eggs), variation in phenology, or other biotic interactions [3]. The physiological tolerances 
(herein the “ecological niche”) of a species and the environmental characteristics of its habitat can be included in a 
fuzzy logic framework to sort species’ traits and climate hazards into levels of increasing exposure, sensitivity, and 
adaptability and relate these levels to the intensity of climatic risk and vulnerability through pre-defined rules [19, 44].

This study aims to understand the climatic risk of Arctic fish species in the Canadian Beaufort Sea shelf and slope 
and Amundsen Gulf (BS–AG) which can then inform climate-resilient conservation and management planning for the 
Western Arctic Bioregion [22]. For this study, we adapted and applied the fuzzy logic approach described in Cheung 
et al. [16], which includes analyzing climate-ocean modelling outputs with biogeographical data of Arctic fish spe-
cies to assess their future vulnerability and risk to climate change in the Arctic Ocean. The outputs developed in this 
study offer valuable insights on climate change effects on Arctic marine ecosystems and may provide guidance on 
how existing and planned conservation measures such as protected areas, might support climate adaptation.

Hazard

T, I, S, O₂, pH

Vulnerability

Exposure

Species distribution

Sensitivity

BL, range (T, I, S, O₂, pH)

Adaptive Capacity 

LR, DR, Fec

Risk of climate impacts

Fig. 1   Schematic of the risk of climate impacts for the 21 Arctic fish species calculated by the exposure to climate change (temperature (T), 
sea ice cover (I), salinity (S), dissolved oxygen concentration (O₂), and pH (pH)), and vulnerability. Vulnerability was calculated using the sen-
sitivity (body length (BL), and physiological range (T, I, S, O₂, pH)), and adaptive capacity (latitudinal range (LR), depth range (DR), fecundity 
(Fec)). [16] Adapted from Cheung et al.
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2 � Methods

2.1 � Study area

The BS–AG ecosystem includes distinct geographical regions including coastal, nearshore and offshore areas spanning 
the southern section of the Inuvialuit Settlement Region (ISR), Northwest Territories, and the western section of the 
Kitikmeot Region of Nunavut. The study area encompasses the TN and AN MPAs (Fig. 2). The AN MPA was Canada’s first 
MPA with conservation objectives based on Indigenous traditional and local knowledge [25]. Both MPAs include the 
conservation objectives of protecting the ecosystem, habitat and harvest of key species, as well as cultural activities of 
the Inuvialuit [50]. Six Indigenous communities (Aklavik, Inuvik, Tuktoyaktuk, Paulatuk, Sachs Harbour, and Ulukhaktok 
reside within the ISR, and have traditional harvesting locations for whales, seals, birds/fowl, and fish within the BS–AG, 
including the TN and AN MPAs [22–24].

2.2 � Species ecological and biological niches

We identified a subset of 21 Arctic fish species found within the BS–AG ecosystem, including those outlined in manage-
ment plans, and harvest and fisheries assessment studies (e.g., Inuvialuit Harvest Study, Beaufort Regional Environmental 
Assessment Marine Fishes Project (BREA-MFP/CBS-MEA (2012–2014, 2017–2023), [54, 64]) (Table S1). The World Register 
of Marine Species (WoRMs), and FishBase [35] databases provided the ecological and biogeographic information, and 
adult life history characteristics of the selected species (Table 1). Some input parameters were not available for all species; 
however, the fuzzy logic methodology (see Fuzzy logic and reasoning subsection) allows for flexibility, where conclusions 
are drawn only from known values [44].

The Ocean Biodiversity Information System (OBIS), Global Biodiversity Information Facility (GBIF), and Nippon Foun-
dation Nereus Program (NEREUS) databases provided species geo-referenced occurrence record data. All selected fish 

Tarium Niryutait MPA

Anguniaqvia 
niqiqyuam MPA

Beaufort Sea

Inuvialuit Se�lement Region

Amundsen Gulf

Fig. 2   Canadian Beaufort Sea shelf and slope and Amundsen Gulf ecosystem. The Tarium Niryutait (TN) Marine Protected Area (MPA) three 
sub-areas are shown in pink; Niaqunnaq, Okeevik, and Kittigaryuit (from west to east). The Anguniaqvia niqiqyuam (AN) MPA is shown in 
orange. The 200 m bathymetry line of the ecosystem is outlined. Both MPAs are located within the Inuvialuit Settlement Region (ISR, see 
map insert) of the Canadian Arctic in dark grey
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species had ≥ 50 unique occurrence records within the Arctic region. The R Statistical Software (v2022.02.3 + 494; [71]) 
packages worrms [14], rfishbase [10], robis [69], and rgbif [15] were used to determine the occurrence data of the 
selected fish species in the study area. Latitudinal range, depth range, fecundity, and body length values were gleaned 
from the public databases OBIS, GBIF, NEREUS, WoRMs, and FishBase. Species’ latitudinal ranges were calculated from 
the difference between the most northern and southern occurrence points, and depth ranges between the maximum 
and minimum depths.

The species’ ecological, biological, and geo-referenced occurrence data were overlaid with the mean historical envi-
ronmental conditions obtained from a regional coupled ice-ocean biogeochemical model (North Atlantic Arctic (NAA) 
Canadian ocean ecosystem (CanOE) and Canadian sea ice biogeochemistry (CSIB) model, herein “NCC”, [36, 37, 62]). 
Species ecological niches (represented by the 1st, 10th, 90th, and 99th percentiles) were calculated for pelagic and 
demersal species using sea surface values, and sea bottom values for benthic species. The optimum range values were 
estimated by averaging the 10th and 90th percentiles. Simulations from the NCC model provide potential changes to 
future biogeochemical or environmental variables to assess climatic risk and vulnerability [80], and to calculate each 
Arctic fish species’ ecological niche with respect to temperature, sea ice cover, salinity, oxygen concentration, and pH 
(surface and bottom values) as described in Sora et al. [78].

Values represent environment, habitat, climate zone, latitudinal range (LR, Min/Max in degrees), depth range (DR, 
Min/Max in m), fecundity (Fec, maximum number of eggs), maximum body length (BL, cm) from the NCC model, OBIS, 
GBIF, NEREUS, WoRMs, and FishBase databases [35]. “NA” indicates no data available for the species’ trait and was not 
included in the calculations.

2.3 � Fuzzy logic and reasoning

Fuzzy logic methodology was first developed by Zadeh [95], and since then fuzzy risk and vulnerability approaches 
have been applied to study exploited marine species globally [44] and to deep sea fish assemblages [19]. The fuzzy logic 
expert system developed by Cheung et al. [17, 19] and Jones and Cheung [44] include three components: (i) fuzzification 
(identifying associations between climate variables by the IF–THEN rules for degree of memberships to the “fuzzy sets” 
or categories), (ii) fuzzy reasoning (rule evaluation and aggregation) and,(iii) defuzzification (calculating a precise value 
from the membership functions). Species are categorized into the fuzzy sets of low, medium, high, or very high climate 
exposure categories, where memberships to these categories overlaps (fuzziness) [19, 44]. Following Cheung et al. [17, 
19], trapezoid shapes were assumed for low and very high fuzzy membership category scales, and triangular shapes for 
medium and high membership category scales of the fuzzy logic functions (Fig. 3). In this approach, species can have a 
gradation of membership (or truth) to each category, where conclusions are “possibilities” of fuzzy set associations [17]. 
Therefore, a species can simultaneously belong to more than one category, with the amount of membership to each 
category defined by the fuzzy membership function [44]. For example, based on the fuzzy membership functions in 
Fig. 3(b), a fish with a temperature tolerance spanning across a range of 2.5 °C, simultaneously belongs in the low (trap-
ezoid shape in blue) and medium (triangle shape in orange) categories with a membership of 0.3 and 0.7, respectively. The 
relationships between Arctic fish species’ biological and ecological characteristics, and the physical and biogeochemical 
ocean conditions were incorporated into the calculated risk levels using the fuzzy logic methodology [16]. This approach 
combines the climate indices with the biogeography of the species’, allowing for identification of vulnerable Arctic fish.

2.4 � Species exposure to climate hazards

Climate hazards were quantified by subtracting the historical average (1979–2015) from the mid-century future aver-
age (2041–2060) for each environmental condition generated by the NCC model (Eq. 1, adapted from [44]). Scenario 
values were obtained from the Representative Concentration Pathways (RCP4.5 and RCP8.5) for the NCC model [36]. 
RCP4.5 is considered as an intermediate climate change scenario representing future greenhouse gas concentrations 
as recognized by the IPCC and associated with global sea surface temperature increasing between 2–3 °C. RCP8.5 is the 
“extreme worst-case” trajectory during which emissions continue to rise throughout the twenty-first century, and with 
warming reaching 3.5 °C by 2100 [11, 12, 80]. It is unlikely that global temperatures will remain below 1.5 °C or surpass 
3.0 °C warming [91]. The moderate RCP4.5 is now the most-likely future projection, while RCP8.5 is deemed unlikely but 
not impossible. RCP8.5 is used to provide the upper bound for emission scenarios and emphasizes model differences 
or specific areas of concern [91]. RCP4.5 and RCP8.5 scenarios are herein referred to as the “low” and “high” scenarios, 
respectively. Climate variables representing the hazards include sea water temperature, sea ice concentration (% cover), 
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salinity, oxygen concentration, and pH (sea surface for pelagic species, and sea bottom for demersal or benthic species), 
with projected changes to these variables in the future considered here.

The impact of projected climate hazards onto Arctic fish species was developed in Jones and Cheung [44]. The species’ 
exposure to climate change hazard (ExV, exposure (Ex) to climate variable (V)) or the extent to which modeled changes 
to the environment are impacting Arctic fish species was estimated by the amplitude (difference between the mean 
values of future and historical climate variables) of the hazard relative to its historical variability. We modified the Jones 
and Cheung [44] algorithm for calculating ExV by including the Arctic fish species ecological niche for species’ exposure, 
sensitivity, adaptive capacity (and vulnerability) to climate change. The formulation of climatic hazard in Jones and 
Cheung [44] does not account for the baseline conditions relative to the environmental preferences of the species. For 
example, projected warming may be favorable to a warm-adapted species but would be considered a climatic hazard 
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shape of the fecundity membership function is a result of the use of log-transformed scale for fecundity in the figure. Values represent L, low 
(blue); M, medium (orange); H, high (light blue); VH, very high (green) categories. A fish with a temperature tolerance range of 2.5 °C corre-
sponds to the L and M categories with 0.3 and 0.7 degrees of membership (purple). [44] Adapted from Jones and Cheung,



Vol.:(0123456789)

Discover Oceans            (2025) 2:32  | https://doi.org/10.1007/s44289-025-00056-7 
	 Research

using the original Jones and Cheung [44] algorithm. The importance of this addition is particularly pertinent for the Arctic 
as sub-polar and temperate eurytherms are expected to become more abundant under climate change [26, 39, 83, 88]. 
Thus, in the modified algorithm, we expressed climate variable (V) as a hazard index (H) calculated from a trapezoid func-
tion defined by the 1st, 10th, 90th, 99th percentiles of the ecological niche of the specific variable for a given species as 
estimated from their occurrence records and baseline environmental conditions (Eq. 1):

where H is the mean hazard index of the future ( Hfuture ), historical ( Hhistorical ), and standard deviation ( �Hhistorical ) per climate 
variable (V) for each gridded pixel of the study area (i).

The exposure of the 21 Arctic fish species to each climatic hazard was expressed as the sum of the gridded pixels over-
lapping with levels of climatic hazards and species occurrence data. The frequency distribution of species richness-pixels 
was compared to climatic hazard exposure levels of temperature, sea ice cover, salinity, oxygen concentration, and pH 
[19], where a higher richness-pixel indicates more species occurring in areas with specific hazard levels.

Uncertainty in the climate exposure level in fuzzy logic is represented by the degree of overlap (or fuzziness) of the 
fuzzy set categories [44]. On the spatial grid, the exposure to climate hazard categories can represent multiple types 
simultaneously, where belonging to each category is defined by the fuzzy logic membership [19]. For instance, if X 
(premise) then Y (conclusion), where membership to a category isn’t “True” or “False”, rather the fuzzy logic rules (Table 2) 
define when a threshold is passed, indicating the amount of membership to each fuzzy set category [44]. Conclusions 
are then inferred from these fuzzy logic memberships [44].

2.5 � Climate sensitivity

The climate sensitivities of the 21 Arctic fish species were categorized based on the calculated ecological niche for each 
climate variable, and the species’ body length (Table 2). The exposure value of each species was categorized by the 
exposure level to each climate hazard (Eq. 1) with their ecological niche categorized into four fuzzy sets representing low 
(ExV < 1, within historical ranges), medium (0.5 < ExV < 2), high (1 < ExV < 3), and very high (ExV > 2) categories [19]. Species’ 
sensitivity to individual climate variables was categorized as low (25th percentile), medium (50th percentile), high (75th 
percentile), and very high (90th percentile) categories, based on the breadth of the ecological niche (e.g., temperature 
preferences, salinity tolerance ranges, etc.) across all Arctic fish species included in this study [44]. Acidification (pH, sur-
face and bottom) sensitivity was categorized in fuzzy sets based on meta-analyses from Kroeker et al. [46] and Wittmann 
and Pörtner [94]. Fishes were categorized as low sensitivity (0.25) to medium sensitivity (0.50) to acidification, based on 
negative impacts on species’ growth, survival, or calcification (e.g., mollusks were categorized as very high sensitivity 

(1)ExVi =
Hfuture,i − Hhistorical,i

�Hhistorical,i

Table 2   Fuzzy logic rules to determine the climate hazard exposure (ExV), sensitivity, and adaptive capacity of the 21 Arctic fish species 
under conditions simulated with the NCC model

Exposure Low Medium High Very High

Exposure value (ExV) 1 > ExV 0.5 < ExV < 2 1 < ExV < 3 2 < ExV
Sensitivity Low Medium High Very High
 Sea Surface Temperature (SST) 0.95 > SST tolerance 0.93 < SST tolerance < 1.02 0.95 < SST tolerance < 4.96 1.02 < SST tolerance

Sea Bottom Temperature (SBT) 1.55 > SBT tolerance 1.12 < SBT tolerance < 3.6 1.55 < SBT tolerance < 5.92 3.6 < SBT tolerance
Sea Ice Cover (ICE) 48 > ICE 35 < ICE < 60 48 < ICE < 65 60 < ICE
Sea Surface Salinity (SSS) 13.62 < SSS 13.06 < SSS < 13.68 13.62 < SSS < 14.69 13.68 < SSS
Sea Bottom Salinity (SBS) 12.56 < SBS 8.73 < SBS < 15.89 12.56 < SBS < 17.31 15.89 < SBS
Acidification (SpH/BpH)  < 0.25 pH  < 0.25 pH < 0.5 NA NA
Maximum body length (BL) 55 > BL 34 < BL < 91 55 < BL < 107 91 < BL
Adaptive Capacity Low Medium High Very High
Latitudinal range (LR) 18 > LR 8 < LR < 25 18 < LR < 95 25 < LR
Depth range (DR) 282 > DR 115 < DR < 794 282 < DR < 1263 794 < DR
Fecundity (Fec) 69,850 > Fec 16,561 < Fec < 345,425 69,850 < Fec < 4,096,573 345,425 < Fec
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(0.75) in Jones and Cheung [44]. Species’ maximum body length was categorized as small, medium, large, and very large. 
As large-bodied ectotherms are more metabolically sensitive to temperature and deoxygenation (surface and bottom 
values, these membership categories increased with body length (small = low, medium = medium, large = high, and very 
large = very high sensitivity [18, 67, 76] (Table 2).

Values represent sea surface temperature (SST, °C), sea bottom temperature (SBT, °C), sea ice cover (ICE, %), sea surface 
salinity (SSS, no units), sea bottom salinity (SBS, no units), sea surface pH (SpH, no units), sea bottom pH (BpH, no units), 
maximum body length (BL, cm), latitudinal range (LR, degrees), depth range (DR, m), and fecundity (Fec, maximum 
number of eggs). “NA” indicates category was not included in the calculations. Thresholds recreated from methods of 
Jones and Cheung [44].

2.6 � Species vulnerability

Species vulnerability was calculated based on fuzzy membership functions for the categories of climate sensitivity and 
adaptive capacity. Species’ adaptive capacity was calculated based on latitudinal range, depth range, and fecundity 
(Tables 2 and 3). Larger latitudinal and depth ranges, and higher fecundity indicated higher adaptive capacity via acclima-
tion, range shift, or selection [3, 44]. Low adaptive capacity was defined as fish species with narrow latitudinal or depth 
ranges. The rules were adapted from Cheung et al. [16], which describe the relationship between species’ ecological 
niches, latitudinal range, depth range, fecundity, and body length,and the species’ sensitivity, adaptive capacity, and 
vulnerability.

Species vulnerability was calculated based on IF–THEN rules joined by AND (e.g., IF the fish species has low sensitivity 
AND high adaptive capacity, THEN potential vulnerability is low), therefore the resulting vulnerability is the minimum 
value on the spectrum [44] (Tables 2 and 3; Fig. 3). The conclusions from the rules were divided into four categories: (i) 
low, (ii) medium, (iii) high, and (iv) very high vulnerability. As the IF–THEN rules are joined by AND, the resulting vulner-
ability must exceed the minimum threshold value of 0.2 (minimum membership required for the rule to be applied) to 
meet the requirements of each category [17, 44].

The same rules are applied to species’ climate risk determined by the combination of a species’ exposure to hazard 
and its vulnerability. Recreated from Jones and Cheung [44].

The fuzzy logic algorithm rules used all available input variables to calculate the degree of membership to each of 
the fuzzy categories for vulnerability (Table 2, Fig. 3). Vulnerabilities and risk of climate hazards were combined with 
climate exposure to determine the overall risk of climate impacts. Uncertainties of the input variables are included in 
this analysis, as the set of rules and exposure hazard level categories are specified for each model (see Sensitivity analy-
sis subsection). This allows for the simultaneous possibilities of different rules drawing different or similar conclusions 
with variability and the degrees of memberships [44]. Therefore, the algorithm (MYCIN) accumulated the degrees of 
memberships in Eq. 2 [17]:

where AccMem is the accumulated membership (e.g., high vulnerability) and i indicates a rule of the accumulated 
membership.

Defuzzification was then used to determine the vulnerability, sensitivity, adaptive capacity, hazard exposure, and 
climate impact risk indices. A scale from 1 (lowest) to 100 (most at risk or vulnerable) was used to quantify the indices, 
which were then divided into the categories: (i) low = 1, (ii) medium = 25, (iii) high = 75, and (iv) very high = 100 [19]. 

(2)AccMemi+1 = AccMemi +Membershipi+1 ∗ (1 − AccMemi)

Table 3   Matrix rules for Arctic 
fish species’ vulnerability 
determined by its sensitivity 
and adaptive capacity

Sensitivity | Exposure to hazard

Adaptive capacity | Vulner-
ability

Low Medium High Very High

High Low Low Medium High
Medium Low Medium High High
Low Medium High High Very high
Very low High High Very high Very high



Vol.:(0123456789)

Discover Oceans            (2025) 2:32  | https://doi.org/10.1007/s44289-025-00056-7 
	 Research

Vulnerability values here represent the fuzzy membership function centroids, where the final vulnerability index (Vul) 
was calculated by weighting the index values (Indval) average by the accumulated membership, Eq. 3 [17]:

where x indicates a category (low = 1, medium = 25, high = 75, and very high = 100). The climate vulnerability and risk 
indices for the 21 Arctic fish species were calculated using the fuzzy logic membership algorithms (Eq. 2 described above). 
Index values which scored above 75 represented a species assessed to be at high risk to climate hazards and of highest 
conservation concern. The estimated climatic risk was compared to the species’ climate vulnerabilities.

2.7 � Sensitivity analysis

The sensitivity of the climatic hazards for Arctic fish species to uncertainties associated with the ocean-climate models 
were tested using projections of ocean conditions from two Earth system models (ESMs) participating in the Coupled 
Models Intercomparison Project Phase 6 (CMIP6): (i) the Geophysical Fluid Dynamics Laboratory (GFDL)-ESM4, and; (ii) 
the Institut Pierre-Simon Laplace (IPSL)-CM6A-LR. These ESMs were chosen as the climate sensitivities encompass a wide 
range, where IPSL and GFDL SSP1-2.6 are one standard deviation higher/lower respectively than the CMIP6 model mean 
[56]. Climate hazards for each model were quantified by subtracting the historical average (1951–2000) from the future 
average (2041–2060), with future values obtained from Shared Socio-economic Pathway (SSP) SSP1-2.6 and SSP5-8.5 
scenarios. Temperature, sea ice cover, salinity, oxygen, and pH ranges of the Arctic fish species based on the ESMs are 
provided in Tables S2–S3, and respective fuzzy logic rules in Table S4.

3 � Results

Here, we present the results based on the higher-resolution regional NCC model for both RCP4.5 and RCP8.5. Results 
based on the GFDL and IPSL ESMs can be found in the SI (Figs. S1–S6) and are discussed as part of the sensitivity analysis 
subsections.

3.1 � Ecological niche of Arctic fish species

In the NCC model, many Arctic fish species had narrow ecological niches for multiple environmental variables. Namely, 
Arctic char (Salvelinus alpinus), Capelin (Mallotus villosus), and Arctic cod had narrow salinity, oxygen, and pH ranges 
(Table 4). Furthermore, Pacific sand lance (Ammodytes hexapterus), Longhead dab (Myzopsetta proboscidea), and Inconnu 
(Stenodus leucichthys) had some of the narrowest ice, salinity, oxygen, and pH ranges. The anadromous cisco species 
(Coregonus sardinella, Coregonus artedi, Coregonus autumnalis), Fourhorn sculpin (Myoxocephalus quadricornis), and 
Chum salmon (Oncorhynchus keta) had narrow temperature ranges. Temperature ranges were available on FishBase for 
nearly all species and showed a larger breadth of temperatures for two thirds of the species evaluated compared to all 
modelled niches.

Values represent the preferred minimum (10th percentile, Min), and preferred maximum (90th percentile, Max) quantile 
ranges calculated from the NCC model or from FishBase [35]. Ranges for pelagic species include sea surface temperature 
(SST, °C), sea surface pH (SpH, no units), sea surface salinity (SSS, no units), and sea surface dissolved oxygen (SO2, μmol/
kg). Ranges for benthic species include sea bottom temperature (SBT, °C), sea bottom pH (BpH, no units), sea bottom 
salinity (SBS, no units), and sea bottom dissolved oxygen (BO2, μmol/kg). Ranges for sea ice cover (ICE, % cover) were 
calculated for all species. “NA” indicates temperature ranges were not available on FishBase and were not included in 
the comparison.

(3)Vul =

∑4

x=1
AccMemx ∙ Indvalx
∑4

x=1
AccMemx
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3.2 � Exposure to main climatic hazards by 2050 (2041–2060 average)

The exposure to climate change hazards (ExV, Eq. 1) was higher for RCP8.5 compared to RCP4.5 (Fig. 4, red areas). The 
highest intensity or largest difference between the mean future and historical climate hazards of bottom temperature, 
and surface and bottom salinity, oxygen, and pH were found for the deep waters of the slope, and offshore areas of 
the BS–AG ecosystem for RCP8.5. The degree of surface temperature and sea ice hazards increased across the BS–AG 
ecosystem (Fig. 5 a–b, c–f ). Surface salinity and pH hazards were highest in nearshore areas adjacent to the TN and AN 
MPAs for both scenarios (Fig. 5 g–h, o–p). Oxygen concentration (Fig. 5 k–n) was the only climate exposure variable that 
remained relatively constant in exposure between scenarios.

3.3 � Species‑richness exposure to main climate hazards

The exposure to climatic hazards across the BS–AG ecosystem varied among fish species groups (pelagic vs benthic). A 
total of 98% of species-richness pixels were projected to experience very low exposure (0–0.5) to temperature, sea ice, 
salinity, and oxygen hazards by the 2041–2060 average for both RCP4.5 and RCP8.5 relative to historical variabilities 
(Fig. 5a–h). More species-richness pixels were projected to overlap with very low exposures in RCP4.5 (blue) than RCP8.5 
(red). The majority of species-richness pixels (44–76%) overlapped with very high pH exposure (> 3.0) for RCP4.5 and 
RCP8.5 (Fig. 5 i–j). 20–30% of benthic species-richness pixels overlapped with very high exposure (> 3.0) to temperature 
and oxygen (Fig. 5 b, h), indicating a large proportion of Arctic fish species occurring in high hazard (acidification, warm-
ing, deoxygenation) areas.

Table 4   Ecological niche of the 21 Arctic fish species separated by pelagic and benthic species

Pelagic Species

SST SpH SSS SO2 ICE

NCC FishBase NCC NCC NCC NCC

Common name Species name Min Max Min Max Min Max Min Max Min Max Min Max

Cisco Coregonus artedi − 0.48 0.04 0 26 7.82 8.28 11.98 25.05 165.46 364.21 0 63
Arctic cisco Coregonus autumnalis − 0.71 0.24 − 1.7 3.4 7.88 8.27 13.45 28.81 175.29 363.15 0 65
Least cisco Coregonus sardinella − 0.66 0.27 − 1.8 2.7 7.90 8.26 13.31 26.93 176.92 360.82 2 62
Capelin Mallotus villosus − 0.10 7.48 0.3 7.1 8.08 8.22 22.90 34.90 233.85 356.82 0 34
Rainbow smelt Osmerus dentex − 0.54 0.48 − 1.6 4.8 7.90 8.17 15.13 28.81 209.60 365.85 3 62
Benthic species
Pacific sand lance Ammodytes hexapterus − 1.08 0.34 0.5 8.9 7.94 7.98 30.29 32.13 348.12 358.82 40 71
Polar cod Arctogadus glacialis − 0.73 5.15 − 1.3 1.6 7.74 8.16 18.98 34.77 189.41 312.52 12 78
Arctic cod Boreogadus saida − 0.61 2.10 − 1.3 4 7.78 7.99 22.70 32.17 229.13 360.34 19 66
Lake whitefish Coregonus clupeaformis − 0.50 1.04 8 14 7.82 8.23 9.22 27.90 116.11 324.18 0 35
Saffron cod Eleginus gracilis − 0.10 1.04 − 1.5 5.9 7.82 8.14 10.38 27.90 171.72 324.18 3 35
Walleye pollock Gadus chalcogrammus − 0.31 0.69 0.4 5.6 7.78 8.21 14.54 26.89 168.91 352.08 0 48
Yellowfin sole Limanda aspera − 0.70 4.87 0.2 6.1 7.70 8.32 14.12 31.22 140.32 310.61 0 60
Gelatinous snailfish Liparis fabricii − 0.69 0.86 − 0.9 4.6 7.82 8.23 12.60 28.66 167.96 357.35 0 63
Fourhorn sculpin Myoxocephalus quadricornis − 0.08 0.46 − 1.8 4.3 7.82 8.17 13.89 26.48 180.91 355.96 3 48
Longhead dab Myzopsetta proboscidea − 0.28 5.97 − 1.1 6.6 7.78 7.97 30.27 34.74 226.68 301.38 46 67
Chum salmon Oncorhynchus keta − 0.46 0.45 1.1 8.3 7.78 8.23 9.84 22.37 163.38 298.32 3 43
Starry flounder Platichthys stellatus − 0.43 0.92 0.2 8.3 7.92 8.20 17.14 31.93 203.32 362.93 10 58
Arctic char Salvelinus alpinus − 0.93 1.26 0.1 9.7 7.95 8.01 31.07 34.57 311.62 355.05 29 82
Dolly Varden Salvelinus malma − 0.30 2.64 0.2 8 7.77 8.01 23.76 32.04 284.37 359.04 18 54
Inconnu Stenodus leucichthys − 0.77 5.19 NA NA 7.79 7.98 25.86 34.73 203.53 314.70 46 74
Bigeye sculpin Triglops nybelini − 0.72 0.34 − 0.1 4.5 7.85 8.24 14.46 30.29 177.17 359.24 0 66
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Fig. 4   Projected average 
exposure to climate hazards 
(defined as the amplitude: 
difference between the mean 
values of future and his-
torical climate variables) for 
Arctic fish species arising from 
changing ocean variables by 
2050 (2041–2060 average). 
Projections of changes in 
ocean variables were obtained 
from the NCC model. The 
climate hazards include: tem-
perature (a–d), sea ice cover 
(e, f), salinity (g–j), oxygen 
concentration (k–n), and pH 
(o–r). Hazards are projected 
for RCP4.5 (a, c, e, g, i, k, m, o, 
q) and RCP8.5 (b, d, f, h, j, l, n, 
p, r) for surface (a, b, e, g, h, 
k, l, o, p) and bottom (c, d, f, i, 
j, m, n, q, r) variables. Colour 
scale from low (yellow) to high 
(red) hazardous changes
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3.4 � Species’ sensitivity, adaptive capacity, vulnerability and risk to climate hazards

The fuzzy logic algorithm computed indices of cumulated level of exposure to hazards and risk of climate impacts 
across the evaluated ocean variables for each species with values ranging from 0 (low) to 100 (most exposed to 
hazards or at risk). The median values for the exposure index of climate hazards across the Arctic fish species were 
31 (range = 10–47) and 38 (19–58), for RCP4.5 and RCP8.5 respectively, by 2050 (2041–2060) (Fig. 6a). The median 
values for the climate risk index were 55 (24–68) for RCP4.5, and 56 (27–70) for RCP8.5 by 2050 (Fig. 6b). A higher 
proportion of Arctic fish species above 50 (shaded areas) indicates more species at high or very high climate risk. 
Species that are among the most exposed to climate hazards include Polar cod (Arctogadus glacialis), Yellowfin sole, 
and Arctic cisco (C. autumnalis).

The estimated median adaptability index (defined by species’ latitudinal range, depth range, fecundity) was 57 
(range = 17–100), the median sensitivity index (defined by species’ body length and ecological niche) value was 48 
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Fig. 4   (continued)
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Fig. 5   Exposure to main climatic hazards (defined as the amplitude: difference between the mean values of future and historical climate 
variables) for 21 Arctic fish species by 2050 (2041–2060 average) calculated using projections from the NCC model (see text for details). 
Exposure was assessed for the following key climate hazards: temperature (a, b), sea ice cover (c, d), salinity (e, f), oxygen concentration (g, 
h), and pH (i, j). Surface values were applied to pelagic species (left column, a, c, e, g, i), and bottom values applied to benthic species (right 
column, b, d, f, h, j). The blue and red bars represent RCP4.5 and RCP8.5, respectively
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(26–58), and the median vulnerability index (defined by IF–THEN rules joined by AND for the categories of climate 
sensitivity and adaptive capacity) was 68 (23–86) (Fig. 6c). Arctic fishes emerging among the most adaptable include 
Longhead dab, Dolly Varden (Salvelinus malma), and Chum salmon; while the least adaptable include Polar cod, 
Capelin, and Arctic cod (Table S6). Species that are among the most sensitive include Starry flounder, Least cisco (C. 
sardinella), and Lake whitefish (Coregonus clupeaformis), while the least sensitive include Capelin, Arctic cod, and 
Longhead dab (Table S6). Species that are among the most vulnerable include Fourhorn sculpin, Chum salmon, and 
Least cisco, while the least vulnerable include Capelin, Arctic cod, and Polar cod (Table S6).

3.5 � Comparison of exposure to hazard index and vulnerability

Most fish species had low (1 < index value < 25) to medium (25 < index value < 50) climate risk and high (50 < index 
value < 75) to very high (index value > 75) vulnerability (Fig. 7). Polar cod and Yellowfin sole were the only species with high 
climate risk (50 < index value < 75) under the RCP8.5 scenario. Five species had very high vulnerability (index value > 75) 
with medium (25 < index value < 50) climate risk, including Chum salmon, Dolly Varden, Arctic char, Lake whitefish, and 
Longhead dab.

Eight of the studied Arctic fish species were projected to have high (50 < index value < 75) vulnerability and medium 
risk of climate impacts hazards (25 < index value < 75) by 2051–2060 under low and high emission scenarios (Fig. 7). Cape-
lin, Arctic cod, and Rainbow smelt were the species with low (index value < 25) or medium (25 < index value < 50) expo-
sure to climate hazards and vulnerability, suggesting that they are species that may be more resilient to climate change.

3.6 � Sensitivity analysis

The sensitivity analysis revealed that species-richness projections for the ESMs followed similar trends to the NCC model, 
with most pixels experiencing low exposure (0–0.5) to temperature, sea ice, salinity, and oxygen concentration hazards 
by 2041–2060 under both low (SSP1-2.6) and high (SSP5-8.5) emission scenarios for GFDL and IPSL models (Figs. S4–S5). 
However, the IPSL model projected fewer benthic species in very high pH exposure (> 3.0), with most species-richness 
pixels remaining in low exposure (Fig. S4 j). Comparisons of exposure, risk, sensitivity, and vulnerability indices showed 
that median exposure and risk were higher for GFDL and IPSL than for the NCC model, whereas median adaptability and 
vulnerability were similar across all models, and median sensitivity was lower for GFDL and IPSL (Fig. S5). Species with high 
exposure, risk, sensitivity, and vulnerability included Gelatinous snailfish, Fourhorn sculpin, Walleye pollock, Yellowfin sole, 
and anadromous cisco species (C. sardinella, C. artedi, C. autumnalis), along with Longhead dab. Notably, six Arctic fish 
species (Arctic cisco, Dolly Varden, least cisco, longhead dab, fourhorn sculpin, chum salmon, and rainbow smelt) were 
identified as having very high climate risk and vulnerability (index > 75) under GFDL and IPSL models. Additionally, ten 
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Arctic fish species showed very high exposure to climate hazards (index > 75) and medium to high vulnerability (index 
25–75), overlapping with many species identified in the NCC model (Figs. S5–S6, Tables S5–S6).

4 � Discussion

A multivariate fuzzy logic approach was used in this study to identify Arctic fishes individual and cumulative risks to 
multiple climate variables. New to this study, species’ ecological niche (temperature, sea ice cover, salinity, oxygen concen-
tration, and pH) were included in the fuzzy logic system adapted from Jones and Cheung [44]. Species’ ecological niche 
to single and multiple ocean variables were critical to analyzing vulnerability, risk, exposure to hazards, and adaptability 

Fig. 6   Calculated (a) exposure index of climate hazards, b risk index of climate impacts, and c adaptive capacity, sensitivity, and vulnerabil-
ity (see text for details) of the 21 Arctic fish species under the NCC model RCP4.5 and RCP8.5 by 2050 (2041–2060 average) relative to the 
historical reference period (1979–2015). Index values range from 1 to 100, with 100 indicating maximum climate impact risk. Index values 
above 50 (dashed lines) indicate high or very high climate impact risk. The boxplot represents the median, 25th and 75th quartiles, and the 
minimum and maximum values, see Table S6. The shaded areas represent the proportion of the frequency distribution
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to projected climate changes and helped understand potential climate change impacts on Arctic fishes, biodiversity 
and the food web.

This study showed that approximately 25% of the studied Arctic fish species were projected to face medium exposure 
to climate hazards and high vulnerability towards the mid-century in the marine environment under the NCC model. 
Under GFDL and IPSL ESMs, more species were projected to face similar or higher levels of hazards, including ocean 
warming, sea ice loss, changing salinity, deoxygenation, and acidification towards the mid-century compared to the NCC 
model. These differences can be attributed to differences in the ecological niche derived from the ocean parameters 
of each model. Differences in ocean models are due to both model parameterizations and spatial resolution. The NCC 
model implicitly represents ecological niche for fish subpopulations (stenothermic) that are adapted to the Arctic region. 
In contrast, estimated ecological niche from the global ESMs represent the full ecological breadth of the species. The 
calculated ecological niche for the Arctic fish species here and estimated in FishBase [35] were narrower than indicated 
in the Aquatic Species Physiological Limits Database [79]. Differences in estimates may be due to the applied methods, 
i.e., laboratory studies of various life history stages compared to presence/absence species distributions of adult fish (as 
used in this study). Presence/absence studies may be limited due to incomplete area coverage of the observations sup-
porting these databases, while laboratory studies are often limited to few individuals and may not represent the range 
within populations. The narrower ecological niches calculated from the NCC model with more detailed spatial resolution 
indicate species’ higher sensitivity to climate change and suggests that coarser resolution models may underestimate 
the species sensitivity to climate change.

The addition of ecological niches in the fuzzy logic methodology accounted for the baseline conditions for each spe-
cies or subpopulation, which in turn allowed to identify that projected warming may be favourable to warm-adapted 
(eurythermic) species. Arctic fish species have been previously found to acclimate to higher temperatures. For example, 
Arctic cod were shown to increase their critical upper temperature limit from 14.9 °C to 17.1 °C, depending on exposure 
time and temperature in laboratory studies [28]. This acclimation potential of Arctic fish species has only been limitedly 
explored and needs further study to help fully understand the cumulative impacts of multiple stressors. Furthermore, ana-
dromous species such as Arctic char, also face additional climate risks in their freshwater environments used seasonally 
for spawning and overwintering. The mid-century projections (average from the years 2041–2060) may have smoothed 
any outliers from extreme event years into an annual average applied here, along with the model uncertainty and errors. 
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However, given the extreme seasonal variations in the Arctic, including habitat use or characteristics (e.g., summering 
habitat, spring migration), the adaptability of species to these seasonal extremes may be underestimated due to such 
averaging. Understanding variations in subpopulation traits can provide insights into the population dynamics, ecologi-
cal strategies, species interactions, and adaptive capacity to climate change [4, 74, 75, 90, 92].

The number of pelagic species-pixels exposed to very high exposure (> 3.0) level of pH increased to over half of the 
species (44–76%) in the high emission scenarios (RCP8.5 of the NCC model, and SSP5-8.5 of the GFDL and IPSL models), 
suggesting that pH may significantly influence Arctic fish species. Additionally, pH exposure was highest in nearshore 
areas adjacent to the TN and AN MPAs. However, recent testing of the NCC model has indicated a pH bias, which may 
cause acidification exposures to be overestimated. This is apparent when NCC modeled outputs are compared to pro-
jected lower pH exposure trends of the ESMs for the majority of the species-richness pixels. Compared to most other 
Arctic regions (except for the East Siberian Sea), the BS–AG ecosystem has particularly low CaCO₃ concentrations [82]. 
This is due a combination of factors, including reduced sea ice extent, as open water areas allow for positive feedback of 
the uptake of atmospheric CO₂ via ocean-air gas exchanges, cold temperatures, and water circulation patterns, includ-
ing the inflow and upwelling of low pH Pacific halocline waters to the shelf [5, 20, 33, 53, 58, 59, 70]. Limacina helicina is 
a planktonic sea snail that is abundant in the BS–AG ecosystem and can be used as an indicator species for low pH [8, 
9, 21, 63, 93]. For example, observations from Niemi et al. [63] support our modeled climate risks of acidification in the 
region, which was considered a hotspot of L. helicina with severe physical damage (e.g., shell dissolution) due to low pH.

4.1 � Uncertainties

Fuzzy logic methodology has embedded uncertainty from multiple sources. These include (i) definitions, clarity, or 
precision of wording for rules or fuzzy sets (categories), (ii) differing knowledge base or bias of expert opinions on data 
(uncertain advice), (iii) ambiguous data or measurements, and (iv) subjective weighting or aggregating criteria [65, 86]. 
Species’ sensitivity was refined within the fuzzy logic methodology, which allowed for the differentiation in sensitivity 
between large-bodied and small-bodies ectotherms. i.e., as large-bodies ectotherms are more metabolically sensitive, 
a larger body length increased a species’ sensitivity. Uncertainty of language exists when defining the biological and 
ecological characteristics and the vulnerability categories. For example, if a large fish has a higher climate risk, what is 
considered a “small” or “large” fish [17] is unclear. Furthermore, other characteristics may contribute to the example of 
“low” or “high” climate risk unrelated to body length [17]. Therefore, as other characteristics may contribute to climate risk 
despite body length, a key issue within the fuzzy logic system is how to design the analysis of these uncertainties to allow 
“defuzzification” to provide accurate outputs and conclusions from the membership functions for expert interpretation 
[17]. These uncertainties can be partially modeled in the fuzzy sets as memberships are “fuzzy” (degree of overlap) to 
disentangle incomplete or uncertain data with multiple known possibilities [55]. Furthermore, the expert rule definitions 
can be altered based on numerical data, which can add uncertainty to the membership functions [45].

An ensemble of three models in this study provided more robust results that accounts for differences in the structural 
composition and uncertainties of each model. Two contrasting emission scenarios (RCP4.5 and RCP8.5 (NCC), or SSP1-2.6 
and SSP5-8.5 (GFDL and IPSL)) allowed for estimates in scenario uncertainty as there is ambiguity in societal decisions 
regarding policies that address future climate change. By comparing three models, we estimated the model structural 
uncertainties. The NCC model has a higher resolution (rotated 0.25° × 0.25° spatial grid, representing 11–15 km resolu-
tion), compared to a 0.5° × 0.5° spatial grid for GFDL and IPSL models. The lower resolution of the ESM models was not 
able to resolve detailed exposure changes to the Beaufort Sea shelf or slope, the Amundsen Gulf, nor did they resolve 
specific exposure changes for the MPAs. Instead, the ESMs projected the general nearshore area (including the TN and 
AN MPAs) exposure bias to higher temperature, reduced sea ice, salinity and pH changes. The coarse resolution of the 
ESMs may not accurately project coastal species abundance or distribution, where ESM accuracy and precision errors 
are higher for benthic species than pelagic species [60, 80]. Lastly, ESMs create their own internal variability which limits 
their ability to reproduce observed interannual or decadal variability. These limitations can enhance or mask trends over 
the long-term [49, 80, 85, 87]. The NCC model, while improved from the ESMs, still only limitedly resolves Arctic coastline 
and bathymetry features. Future studies with higher model resolutions, shorter timestep averages, focused analyses by 
season to understand species’ movement patterns during seasonal extremes, and including a focus on river flow and 
mixing, can address more detailed exposure changes to the environmental variables including salinity changes (fresh-
water input) in nearshore areas, including the MPAs.

Limitations to this study include the availability of regionally-specific physiological, demographic, and ecological 
parameters, updated and complete occurrence data of all these species within this area, and the ability of the fuzzy logic 
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framework to capture complex ecological dynamics, e.g., competition, trophic interactions affecting species vulner-
abilities or responses to climate change. Other modelling frameworks such as ecosystem modelling are better suited to 
represent these complex dynamics [31, 78]. Furthermore, the environmental and geographic features of an ecosystem 
can impact the biodiversity and abundance of species, including seasonal variability of habitats, seasonal extremes, vul-
nerability of freshwater habitats, or species’ migratory patterns, especially for anadromous fishes has not been assessed 
here and is critical for many of these species. For example, temperature and coral reef habitat was highly correlated in 
Edgar et al. [30], which contributed to the species’ richness at the site-level. A Pearson’s correlation threshold can be 
used in future studies to determine the collinearity of the environmental variables [27]. A habitat suitability index for 
the BS–AG ecosystem for Arctic fish species can be normalized to allow for model comparisons, and correlation plots 
across modelled outputs. Understanding the habitat suitability for Arctic fish species into the future can be pertinent for 
informing the management and monitoring of the MPAs through regional-scale environmental processes.

5 � Future studies

The fuzzy logic algorithm was generalized in this study to provide a comprehensive assessment of risks and vulnerabilities 
of Arctic fish species across the BS–AG ecosystem. The fuzzy logic algorithm allows for more qualitative comparisons of 
risks, where future studies may include additional species, such as marine mammal (e.g., [2]) or bird (e.g., [42]) data into 
the fuzzy logic methodology. However, it should be noted that some of the indicators for sensitivity and adaptive capac-
ity between ectotherms and endotherms may not be precisely comparable. Due to limited Arctic data, the complexity 
and interactions of the models are subject to uncertainty [51]. Fish species in particular have limited data, as large-scale 
assessments have only been conducted in recent years (BREA-MFP/CBS-MEA (2012–2014, 2017–2023), [52, 64]), indi-
cating high uncertainty in observational data (e.g., lack of temporal coverage, biological parameters, abundance, diet). 
To bridge this uncertainty, further research colleting and applying scientific and Indigenous and local knowledge of 
species with this fuzzy logic approach should be considered. For example, Inuit traditional knowledge on the historical 
abundances and population statistics of Arctic char has been recently incorporated into fuzzy logic to assess suitable 
spawning habitat in Nunavik, Québec, Canada [29]. In the fuzzy logic method, the local ecological knowledge and catch 
per unit effort data were transformed into membership functions with low, medium, medium–high and high categories 
to determine the species’ vulnerability to fishing, and suitable habitat [2, 42]. Future studies with a focus on the develop-
ment of endotherm specific indicators, and addition of Inuvialuit ecological knowledge can be compared to the results 
of this current assessment.

6 � Conclusions

Our results highlight multiple climatic stressors’ compounding effects, where vast areas of the BS–AG are projected to be 
at a high exposure and risk level for identified Arctic fish species by mid-century. Changes in the Arctic Ocean are chiefly 
due to warming temperatures, sea ice loss, deoxygenation, freshening, and acidification, along with the subsequent 
habitat loss. Analyses between NCC, GFDL, and IPSL models, with projections under two emissions scenarios by mid-
century indicate similar future trends. The largest differences between the mean future and historical climate hazards 
were found for the deep waters of the slope, and offshore areas of the BS–AG ecosystem under the higher emission 
scenarios. We found that species with narrow ecological niches (stenothermic species) were found to be at significant 
risk and vulnerability to climate change. Many species-richness pixels overlapped with very high climate exposures, 
indicating a large proportion of Arctic fish species occurring in high hazard areas, specifically acidification, warming, 
and deoxygenation. Some of these species at high risk to climate hazards included culturally significant species such as 
Arctic and polar cods, and Arctic char. There is a need to integrate climate change research and assessments, resource 
management, and conservation efforts and planning, as highlighted by the IPCC report on Biodiversity and Ecosystem 
Services in future studies.
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