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Multi-criteria decision-making (MCDM) tools are essentially methods to enable a decision maker to achieve a more objective approach to a given decision scenario using quantitative methods. One such complex decision scenario is the underutilization of side-streams in the seafood industry, which is brought about by a combination of complex decision challenges related to processing methods, storage methods, logistics, technical viability, status quo mindset, and the attitude of the decision maker. However, the influence and identification of cognitive biases (e.g., loss aversion bias) in MCDM tools are rarely accounted for and may result in a less objective decision process due to subjective influences, which can influence the valorization and utilization of seafood side-streams in a company. To enable a more objective approach where the influence of these cognitive biases is corrected, in this paper, we propose a debiasing method based on the UN’s 14 SDGs, cognitive mapping (CM), and attribute substitution (AS) as an extension of MCDM tools and the modeling of seafood processing. The results of the case-specific implementation show that the proposed method can identify cognitive biases and correct these by enabling the implementation of relevant debiasing techniques that can aid a decision marker in choosing the best alternative when it comes to decisions on reducing wasted side-streams and increasing the sustainability of their food processing. It was found that the debiasing application provided a correction of the user ranking for the best-evaluated alternative within a side-stream scenario to be in line with the experts’ ranking for the same scenario in terms of environmentally and economically efficient production. This is a novel approach combining existing theories and methods into a single bias identification and debiasing method, which is designed to be generic and can be implemented in other sectors and industries using MCDM tools in their decision process. The approach provides industry and science with a verified and structured method to achieve objectivity through the identification and correction of decision-making biases that also supports a balance between a company’s economic and environmental goals.
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1 INTRODUCTION AND BACKGROUND
1.1 What are side-streams and why are they important?
One of the current and near-future challenges is providing access to affordable and sustainable food sources for the rising world population (Schubel and Thompson, 2019; Costello et al., 2020; Van der Meer, 2020; Farmery et al., 2021).
Generally, the food processing sector is marked by high exploitation of its raw resources and side-streams; for instance, the processing of beef cattle has a nearly 100% utilization rate (businessinsider.com, 2017) when not accounting for trophic efficiency in this process (Shepon et al., 2016).
However, in the food-processing sector involved in the exploitation of aquatic living resources, this efficiency is significantly lower. Here, the current exploitation of resources is impeded by inefficiency as in some cases, up to 60%–70% of the aquatic living resources end up as production waste and low-value products (FAO, 2020; Coppola et al., 2021). The waste and low-value products constitute the so-called side-streams of production, which are often underutilized. This leaves the industry and society with inefficiency and a poorly utilized aquatic living resource biomass that could be used for higher value purposes, such as securing affordable protein sources or developing bioactive peptides for nutraceutical, pharmaceutical production, food, and feed applications (Rustad et al., 2011; Shahidi et al., 2019; Coppola et al., 2021).
1.2 What is needed for this near-future underutilization challenge to be solved?
To meet the challenge of this underutilization of biomass and solve the problem, there is a need for a proper provision of logistics and infrastructure to ensure a high quality of side-streams for a prolonged window of time (Shahdi et al., 2019; Shavandi et al., 2019; Coppola et al., 2021). Promising technologies currently only available at the laboratory level can be adapted to an industrial scale and integrated into a biorefinery approach to reduce not only the lack of knowledge but also the lack of methods of how to handle underutilized side-streams in a cost-effective way (Steven et al., 2019; Mohan et al., 2020; Coppola et al., 2021). Furthermore, a producer attitude change, away from side-stream resource only being a low-value resource, is needed to achieve a more extensive, efficient, and sound exploitation of the aquatic biomass (Guillen et al., 2018; Mo et al., 2018).
To meet these challenges, a main objective of current large-scale research projects, e.g., the EU Horizon 2020 WaSeaBi project, is to develop the state-of-the-art in solving the barriers to proper utilization of aquatic living resources. This involves a focus on better utilization of seafood side-streams through the development of storage solutions, sorting technologies, and management tools to secure an efficient, sustainable supply system for fishery by-catches and side-stream utilization from aquaculture, fisheries, and the aquatic processing industries (EU H2020 WaSeaBi, Project No. 837726, www.WaSeaBi.eu).
One such barrier, which needs to be solved, is related to the fact that human decision-making in the food industry production is also inherently limited and more subjective rather than objective due to our limited rationality when handling new and/or complex information (Simon, 1957; Abara and Singh, 1993; Gilovich et al., 2002). Therefore, there is a need for further development and utilization of robust and generic management tools to mitigate these flaws and support a more rational and unbiased decision-making process. One of the most utilized multi-criteria decision-making (MCDM) tools for this barrier is the analytic hierarchy process (AHP) methodology. AHP is one of the most utilized decision-making methods in resource allocation, quality management, and more, with organizations and companies such as Xerox, NASA, and Northeast Fisheries Science Center (NFSC) as some of its users (Ernest and Gass, 2001; Munier and Hontoria, 2021).
1.3 How do AHP tools aid in resolving these issues?
The spread of the AHP methodology as a management tool to support a more objective decision-making process is evident from its use in both the public and private sectors. Here, it has been praised for making pairwise comparisons of alternative choices transparent and simple, thus enabling the decision maker to make the most optimal local decision based on the given criteria (Saaty, 1980; Ernest and Gass, 2001; Liberatore and Nydick, 2008). The AHP methodology itself is based on mathematical theory and functions and psychological theory, which enables it to incorporate both qualitative and quantitative inputs while also considering the decision maker’s subjective biases when rating solution alternatives (Ernest and Gass, 2001).
In relation to solving the issues with the food industry’s underutilized aquatic biomass, an AHP tool is a very suitable method to simplify an otherwise complex decision-making process and scale it to an overall cost–benefit approach (Saaty, 1980). This can, for instance, be to improve and better inform a decision-making process on whether certain utilization projects of side-streams should be initiated, continued, or ceased based on predefined decision criteria that require the user of the tool to approach the decision process from an objective point of view. This objective view is generally visualized via an AHP Matrix* and its AHP scores* (Saaty, 1980) (see more details on the AHP Matrix and score in Supplementary Material S1). Regarding the aim to enable seafood companies to achieve better utilization and valuation of their side-streams in the current example, the AHP methodology does contain some shortcomings with respect to the psychological component that can lessen the effectiveness of the tool (Alessio et al., 2009; Ma et al., 2017).
First, while the AHP methodology incorporates some elements of cognitive psychology* to explain and account for biases in the decision-making process, it follows a trial-and-error approach when it comes to correcting issues regarding its consistency rating due to cognitive biases*. A review of the AHP methodology literature shows this enables the widely accepted practice that if the AHP tool’s inconsistency ratio is higher than 10%, it is advised to reconsider the tool’s attribute rating to achieve consistent measures (Alessio et al., 2009; Deniz, 2020). The general bias that is assigned to such inconsistencies is the confirmation bias, which affects the interpretation of evidence, which favors one’s existing beliefs and expectations (Montebeller and Von Winterfeldt, 2015). The AHP methodology, therefore, lacks an active stand on the psychological element as to which cognitive biases the AHP tool should account for and how to classify them (Ma et al., 2017; Deniz, 2020). While a decision maker’s confirmation bias is a likely candidate for inconsistency, the AHP methodology does not seek to understand why this bias occurs or how to account for them. Instead, the presence of cognitive biases is only confirmed but not identified during the sensitivity analysis section in the AHP design process (Mu and Pereyra-Rojas, 2017).
Second, the AHP methodology only accounts for one cognitive bias as the source of inconsistencies and does not adequately account for other biases. This can include biases such as overconfidence bias, planning bias, or loss aversion bias* that may cause inconsistencies in the ratings and other further reaching implications for the decision process than the confirmation bias (Gilovich et al., 2002; Borrero and Henao, 2017; Deniz, 2020).
The psychological element of different cognitive biases can influence which information is included in the formulation of the problem hierarchy and subsequent framing of the pairwise comparison by the decision maker. These biases affect the criteria weighting and therefore need to be accounted for. These drawbacks in accounting for the psychological aspects of the decision-making process in the AHP tool, therefore, raise some essential questions—how does one account for different biases in an AHP tool, given the current level of knowledge that we have of these biases, to minimize their influence on the criteria weights that are being calculated in the AHP matrix and are central for the final AHP scores? Among others, this is the question we aim to address in the current study according to the following objectives.
2 OBJECTIVES
The overall objective of the present study is to introduce a new methodological framework to create, test, and implement a generic supplement tool to existing AHP tools based on identifying decision-making biases from interview data and how to correct these biases in an AHP matrix and scores process.
This new methodological framework is being developed for the use of AHP tools in the context of the European seafood industry. The Bio-Based Industries Consortium (BBI) in Europe calls for proposals to address the logistical, infrastructural, and technological challenges for valorization of residual and side-streams from aquaculture, fisheries, and the aquatic biomass industry (BBI, 2018). A set of Horizon 2020 projects with WaSeaBi, as an example, is centered on meeting this call by developing and testing new concepts, which will ensure that side-streams from aquaculture, fisheries, and aquatic processing industries can be used for the production of new products and ingredients (WaSeaBi, 2021). The proposed methodological framework in this paper is, however, not limited to this industry, and given the wide usage of the existing AHP methodology in other industries and geographical regions, there is potential for the proposed methodological framework to be used more widely in these areas, as mentioned by Ernest and Gass (2001) and Munier and Hontoria (2021).
The specific aim of the study is as follows:
• To contribute with a debiasing* method, with an emphasis on identifying the decision maker’s biases and correcting these with appropriate debiasing techniques in the setting of an AHP tool to improve side-stream utilization in the seafood industry.
• To demonstrate how debiasing techniques can be implemented in decision support and management tools designed with the AHP methodology.
This is based on the following zero hypothesis:
• Debiasing techniques will not correct overweighted importance weights from an AHP matrix.
On this basis, we introduce, test, and implement, on a case-specific basis, the new methodological framework, including a supplementary tool to existing AHP tools to improve the bias reduction capabilities. Going through the relevant literature, no complete methodological description is available. Therefore, the following sections describe the proposed method such that it is a coherent and condensed process to understand the rest of the paper. For more in-depth explanations of the method, see the relevant Supplementary Material or the mentioned literature. To exemplify the framework, a typical but hypothetical decision scenario for a real-life decision maker in the seafood industry seeking to improve their side-stream utilization is applied in the study (Section 4) with case-specific data.
3 METHODOLOGY OF THE DEBIASING METHOD BASED ON COGNITIVE MAPS AND ATTRIBUTE SUBSTITUTION
3.1 Materials and equipment
3.1.1 Required data material

• Interview data from key decision makers in the given seafood company on side-stream utilization, who are also the ones using the AHP or MCDM tool. It is recommended to collect this with the interview guide detailed in Supplementary Material S2.
• Data from an AHP or MCDM tool on the decision criteria, the decision weights, and the evaluation of alternatives made by the user.
3.1.2 Equipment

• Recording device for interviews.
• Microsoft Excel or equivalent data software.
• An AHP or MCDM tool.
3.2 Debiasing methods in multi-criteria decision-making methods in general
Several preliminary methods for correcting bias in tools based on the AHP methodology currently exist. One of the first methods was developed by Buchanan and Corner (1997), which focuses on the impact of the anchoring effect and reducing its influence in MCDM methods. In the study by Almashat et al. (2008), the effects of debiasing procedures for the framing effect were studied in three different medical clinics, where the procedure was shown to be effective in preventing the framing effect from influencing decision-making.
Newer methods in the field include the method used by Ma et al. (2017), who extended the AHP method to handle the cognitive limitation of the affect heuristic and, as a result, reduce its influence on MCDM problems. Arabsheybani et al. (2018) focused on developing an integrated approach by combining fuzzy multi-objective optimization based on ratio analysis (MOORA) with a failure mode and effects analysis (FEMA) to provide a more accurate supplier score and evaluation of risk. Qian et al. (2019) developed a new method that considered and corrected for loss aversion as a result of incomplete information regarding the purchases of clean energy devices. Stevic et al. (2020) developed a new MCDM method for the Measurement of Alternatives and Ranking according to Compromise Solution (MARCOS), which studied the influence that a switch from the 1–9 scale in current MCDM methods to a 1–5 scale would have on 21 different decision scenarios regarding the choice of sustainable suppliers for the health industry.
3.3 The proposed debiasing method based on cognitive maps and attribute substitution
The method proposed in this paper is based on the basic method presented by Deniz (2020), which includes techniques for debiasing for loss aversion bias and the status quo bias*. In addition, this method introduces a coupling between the AHP methodology and the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS), which allows for an easier ranking process with the AHP scores and subsequently more accessible correction of criteria weights with debiasing techniques (Deniz, 2020). Our proposed method expands on the method by Deniz (2020) by introducing tools and techniques for the action in her method regarding determining the decision maker’s biases and bias degree.
The process of implementing the proposed debiasing process into the existing AHP methodology consists of seven actions that are illustrated as a flow diagram in Figure 1, with further explanation of each action in detail in the following sections.
[image: Figure 1]FIGURE 1 | Flow diagram of the debiasing process. Inspired by the methodology from Deniz (2020). Each box in the flow diagram indicates an action that is taken in the debiasing process with this methodology. The arrows between the boxes are unidirectional and indicate a transfer of information from one action to another action. The most important actions in the process are actions 5a and 5b.
3.3.1 Action 1: The decision maker determines criteria and criteria weights
Initial weights for the decision criteria are determined following the AHP techniques detailed in the study by Saaty (1980).
3.3.2 Action 2: Obtaining alternative evaluation from the decision maker
The decision maker’s evaluation of different alternatives is obtained according to the AHP techniques detailed by Saaty (1980).
3.3.3 Action 3: Determining the decision marker’s biases and bias degree
This action involves three procedures: 1) Data collection from semi-structured interviews with decision makers in the companies are conducted based on the topic of their current business model, understanding of sustainability, and their view on the utilization of side-stream resources in their production. For the interview guide, please see Supplementary Material S2. 2) The interview data are then used to create company-specific cognitive maps* that visualize the understanding and interaction between these three topics in the company. 3) Based on the output of the cognitive map, biases are identified through the theory of attribute substitution (AS), and the degree of biases is determined as either minor or dominating based on the centrality score and influence score in the cognitive map. The three procedures are described in more detail in Section 3.4.
3.3.4 Action 4: Debias criteria weighting and evaluation
Based on the identified biases from the cognitive map, different debiasing techniques are used to either
• correct for missing criteria categories in the AHP problem hierarchy,
• correct the initial weighting obtained from the AHP process, or
• correct the evaluations of the criteria by the decision makers.
Correcting either or all with appropriate debiasing techniques will lead to correcting the evaluation of the different alternatives in the next step.
3.3.5 Actions 5a: Generating decision (bias weighted) and 5b: Generating decision (debias weighted)
This is the most important action in the process as this is the point where all the previous information is used to calculate and generate the final decision scores that the decision maker will receive from an AHP tool. Decision scores are generated for all the alternatives using TOPSIS for both the unmodified input (bias weighted) and the debiased input (debias weighted). The reason for including both the biased and debiased decision scores is to provide the decision maker with an insight into the magnitude and actual impact that these subjective biases have on their decision-making.
3.3.6 Action 6: Ranking of alternatives
Ranking of the alternatives to determine which alternative the decision maker should choose to enact in the given decision scenario.
3.3.7 Action 7: Enacting the optimal evaluated decision
Based on the debiased AHP scores, the decision maker should, at this point in the process, have a more objective foundation to base his or her decision on, regarding the problem at hand. It is important to note that this is the optimal local decision as evaluated based on the decision maker’s criteria and weighting of these and not a global optimal decision.
3.4 Procedures under determining biases and bias degree in relation to action 3
Under action 3, there are three main procedures in the following order: data collection, cognitive mapping (CM), and AS, as described in the following text. For more details on these procedures, see Supplementary Materials S2–S6.
3.4.1 Data collection from semi-structured interviews to construct cognitive maps
The first part of the debiasing process is focused on collecting data to construct the cognitive maps of the decision maker using semi-structured interviews with open-ended questions. An example of the questionnaire used for the interviews can be found in Supplementary Material S2, together with a more in-depth explanation for the use of the semi-structured interview methodology in this study in Supplementary Material S3.
The decision maker’s answers to the interview questions are analyzed through a thematic analysis process developed by Braun and Clarke (2006), which is detailed in Supplementary Material S4, together with an example referred to as Company A. This creates a list of concepts that enables the development of the cognitive map for the decision maker. This CM procedure is detailed in the following section.
3.4.2 Cognitive mapping to determine causal relations as further input to bias identification
To determine the biases of the decision maker and the magnitude of these biases, the methodology of the CM technique combined with the causal mapping technique by Axelrod (1976) is used first, followed by an analysis with the theory of AS described by Kahneman and Shane (2002). An in-depth explanation of this part of the methodological framework can be viewed in Supplementary Material S5.
Axelrod (1976) defined CM as a method for studying social or organizational actors’ cognitions with the intention of uncovering a person’s causal beliefs to better understand the information filtering and decision-making of these actors. The aim of CM is to uncover underlying assumptions regarding causal relations, to provide the foundation for explaining the decision maker’s behavior, and to predict future behavior within the problem space (Tegarden and Sheetz, 2003).
A central component of the CM technique is the representation of subjective data from a decision maker in a clear overview that allows for identifying causal links between different concepts and criteria within a problem space or hierarchy (Axelrod, 1976). A cognitive map is, therefore, essentially a map where the relationships are restricted to causal relationships, e.g., each relationship is restricted to a “may-lead-to,” “has-implications-for,” “supports,” or “cause–effect” types (Axelrod, 1976). This is also known as ideographic causality, which differs from nomothetic causal explanation. Ideographic causality is the focus on understanding and determining the subjective understandings of causality that the interviewed participants base their views and decisions on (Windelband, 1998).
To develop the cognitive maps with an emphasis on identifying the causal relationships of the decision maker (to be referred to as relations in the following text), a general four-stage approach based on the method by Tegarden and Sheetz (2003) is used. A fifth stage, concept ranking, has been omitted in this study since we are not interested in this level of detail. The four stages are summarized in Supplementary Table S1 with a detailed explanation.
Following these four stages will create a cognitive map with causal relationships identified between the categories, like the visualized map shown in Figure 2. The cognitive map in Figure 2 is based on interviews with one European seafood company referred to as Company A in this study. This cognitive map is referred to through the rest of the paper.
[image: Figure 2]FIGURE 2 | Concept of a cognitive map as exemplified through one of the current study cases (Company A in the fish/seafood sector).
The cognitive map for Company A in Figure 2 shows the causal relationships for the company’s decision categories in relation to sustainable development, here, ordered according to givens, means, and ends. The full black arrow in the map indicates positive relations between categories (e.g., market demand increase and economic stability increase), and the dotted gray arrows indicate negative relations between categories (e.g., diversification strategy increase and R&D value-added research decrease). The flow is kept unilateral in the map to reduce complexity in reading the map. The influence score from the domain analysis determines the thickness of the lines. For a detailed walkthrough of the CM procedure for the map in Figure 2, please see Supplementary Materials S11–S12.
3.4.3 Attribute substitution to determine decision maker biases and bias degree
The identification and classification of biases are based on the constructed cognitive maps and analyzed with the theory of AS by Kahneman and Shane (2002) to identify and classify biases in the cognitive maps through normative models. The normative model used in this study is based on the UN SDGs (see Supplementary Material S6, Supplementary Figure S1); a decision maker should consider and include biosphere, social, and economic categories when making decisions relating to sustainable development.
An attribute substitution* occurs when an individual must make a judgment that is computationally complex and instead substitutes a more easily calculated heuristic attribute. The process of defining a decision maker’s attribute substitution involves defining a hierarchy consisting of 1) the target attribute*, 2) the heuristic attribute*, and 3) the sub-attributes* (Kahneman and Shane, 2002). An in-depth explanation of this part of the methodological framework and the creation of the AS model in Figure 3 can be viewed in Supplementary Material S6.
[image: Figure 3]FIGURE 3 | Example of attribute substitution—decision makers’ view of sustainable development of side-stream resources in Company A. For a larger version of this figure, see Supplementary Material S7.
An example of such an attribute substitution hierarchy can be viewed in Figure 3, where the cognitive map from the decision maker in Company A has been analyzed for heuristic attributes and sub-attributes.
In Figure 3, the decision maker’s attribute substitution can be defined as follows: the target attribute is the sustainable development of side-stream resources. The heuristic attributes are economic stability, organic growth strategy, R&D value-added production, market demand, and environmental sustainability. The sub-attributes in case of economic stability are currency risk, logistic prices, etc. The thickness of the lines indicates the relative importance of the heuristic attribute and the sub-attributes according to the importance score of these categories from Table 2.
These scores in combination with the AS model are used to identify which heuristic attributes and sub-attributes are over-weighted in the decision maker’s reasoning on the investigated target heuristic and are likely to influence the decision maker’s weighing of criteria in the AHP tool through different cognitive biases (Smith and Bahill, 2009). The decision maker in Company A would, in the example shown in Figure 3, be more predisposed to base decisions on these over-weighted parameters while omitting the other parameters, despite these being a part of their cognitive map on the investigated issue of sustainable development of side-stream resources. Furthermore, this hierarchy also shows that this decision maker’s attribute substitutions primarily are economic perspectives. Contrasting this to the normative model, this would indicate that the decision maker is omitting or under-weighting the aspects of sustainable development that are related to the categories of the biosphere and the society in their decision-making.
If a central theme is observed in the cognitive map, and this central theme is proven to influence the attribute substitution (e.g., the over-weighted heuristic attribute of economic stability and associated sub-criteria here-in), then the pattern of this central theme is matched against the known list of cognitive biases to determine which biases are influencing the decision maker in this weighting reasoning (Kahneman and Shane, 2002). To classify a bias, pattern matching is used in relation to the cognitive biases’ definition. Given that there is a magnitude of bias identified in the scientific literature, this list will only comprise seven of the most documented biases that have been replicated or observed outside of a laboratory setting. These biases are listed in Supplementary Table S2. The biases identified in the case of Company A’s attribute substitution are presented in Section 4.
In Section 4, we also propose that the degree of the identified biases is determined by multiplying the centrality rating score of a category with its average influence score from the CM procedure. The degree strong is assigned if the degree is > 1.5, moderate if the degree is < 1.50 and >1.00, and slight if the degree is < 1.00 and >0.50. To avoid overcorrection of the decision maker’s input or criteria weights, we suggest that only the bias degrees of strong or moderate are debiased because a slight degree of bias will not influence the decision process in any impactful way. This practice of taking the magnitude or degree of the bias into account when initializing a debiasing process is also suggested by Croskerry et al. (2013).
The following section will present the proposed debiasing process used in this study.
4 RESULTS
Here, we show an example of the proposed debias process from actions 1 to 7 using a typical but hypothetical decision scenario for the decision maker in Company A, whose cognitive map and attribute substitution have been introduced in Section 3.4. The validation of the proposed method will be how well the debiased user ratings conform to the experts’ ratings for the different alternatives.
The typical decision scenario and hypothetical example were first chosen to test the model validity and robustness of the method. Second, the typical scenario and hypothetical example were applied in a general situation where an AHP process has not yet been conducted. Consequently, the decision situation and example are chosen due to a lack of empirical information on the first two actions since Company A has yet to complete an AHP session with an AHP tool.
4.1 The debiasing process of Company A—a hypothetical example to test model validity
The decision maker in Company A must, in this typical but hypothetical decision scenario, decide on which supplier to choose for the new production system for the processing of cod guts into new products, a side-stream resource from the primary cod fillet production.
The aim of the decision maker is to achieve the best environmental (lowest in criteria 4–6, see Table 1) and economic (highest in criteria 1 and 3 and lowest in criteria 2, see Table 1) options for the production. An additional aim is that the new production system must contribute to a low level of eutrophication so that the nutrients from the cod gut-processed water can be stored for further extraction to benefit other side-stream products. One option for the supplier is the current supplier (alternative A) for Company A. Furthermore, six new suppliers are also being evaluated, meaning that a total of seven alternatives are to be evaluated in this scenario.
TABLE 1 | Decision makers’ input values for each alternative that is being evaluated based on the six criteria.
[image: Table 1]4.1.1 Criteria and criteria weights determined in relation to action 1
The decision maker was tasked with creating a decision hierarchy (see Supplementary Material S8) by defining six criteria that should be used to evaluate each alternative in relation to the goal—a new production system for cod guts with a low level of eutrophication. A simulated pairwise comparison using the AHP method (Supplementary Material S14B) (Saaty, 1980) was used to define the initial user criteria weights for each of the six criteria as, respectively, 0.224, 0.146, 0.391, 0.113, 0.046, and 0.08.
4.1.2 Alternatives evaluated from decision-maker related to action 2
Normally, in action 2, the decision maker would be tasked with providing input values for each alternative in relation to the six criteria identified in action 1. However, in this typical but hypothetical decision scenario, the decision maker’s input was chosen at random from the simulated dataset in Supplementary Material S9.
To select the random alternative samples from the dataset, the Windows Excel function Rand was used to assign random numbers to each alternative in the dataset. Then, by using the sorting function based on random numbers with the condition of smallest to largest, the following samples were selected. This created the evaluation data presented in Table 1.
4.1.3 Decision maker’s biases and bias degrees related to action 3
After following actions 1 and 2 as described earlier, the procedure for determining the decision maker’s biases and bias degrees was conducted following the three procedures outlined in Section 3.3. Based on the interview with the decision maker of Company A (see Supplementary Material S10) and the thematic analysis of that interview, a list of categories in the cognitive map was identified following stages 1 and 2 in the CM procedure (see Supplementary Table S5).
4.1.4 Centrality analysis of the cognitive map under action 3
Following the identification of categories, the next stage in the CM procedure was a centrality analysis (see Supplementary Table S1). Here, the weighted cognitive centrality and rating scores are calculated to determine the most important categories for the decision maker in Company A, as shown in Supplementary Table S6.
4.1.5 Domain and GME analysis of cognitive map under action 3
Following the centrality analysis, the next stage in the CM procedure was the domain analysis to identify causal relationships for the case study (see Supplementary Table S1). The results of the domain analysis are shown in Supplementary Table S7, where the average influence score is also included. Following the domain analysis, a GME analysis was conducted, and the results from this analysis are shown in Supplementary Table S8. The data were then used to visualize the cognitive map for Company A in Figure 2 and can be viewed in Table 2 as a summary of the most important data from the CM procedure.
TABLE 2 | Example of bias identified through the cognitive map of Company A.
[image: Table 2]4.1.6 Attribute substitution analysis under action 3
Next in action 3 was the case-specific attribute substitution, which is shown in Figure 3. The data from the AS model were used to identify biases through pattern matching of the biases described in Supplementary Table S2. The identification of the loss aversion bias and status quo bias from the AS model is given in the following section.
4.1.7 Identification of loss aversion bias
In Figure 3, it can be observed that the decision maker primarily views the sustainable development of side-stream resources from an economic focus based on market demand, value-added principles, and cost-effective management. The reason for this is that Company A has gone through a period of economic instability while trying to implement and execute its new diversification strategy. This caused a decrease in the company’s annual results in the period from 2014 to 2018, which the company is still trying to recover from.
While some foci were on other aspects, such as environmental sustainability, which was observed through a focus on reducing wastewater, it was clarified through the interview that this focus was primarily motivated by economic reasons rather than environmental reasons due to the previously mentioned poor economic performance. This caused Company A to focus more on securing the economic stability of the company through a focus on proven efficient existing business concepts rather than new business concepts, to avoid potential future loss situations.
This insight from the interview (see Supplementary Material S13) matches with the description of loss aversion bias found in Supplementary Table S2 and indicates that Company A would be inclined to overweight criteria related to the economic focus. This is also supported by the resulting importance and influence scores in Table 2, where the economic category economic stability was both the most important and the most influential category for the decision maker.
4.1.8 Identification of status quo bias
In Figure 3, it can be observed that the category organic growth strategy was also a central category to the views of Company A on sustainable development of side-stream resources. In the interview (Supplementary Material S13), it was described that the company previously had tried to diversify through a new diversification strategy but had not acquired the economic gains that were prospected due to shifting market demands and difficulties in using current core competencies while acquiring new competencies. To secure the financial strength and economic stability of the company, Company A reverted to the previous status quo of a simplified organizational structure with a strategic focus on organic growth again. This return to the original status quo has had implications on the company’s approach to technology and R&D decisions and strategic choices, as explained in the interview (Supplementary Material S13).
This insight from the interview (Supplementary Material S13) matches the description of status quo bias found in Supplementary Table S2 and indicates that Company A would be inclined to overvalue the alternatives that they have had experience or success with before. This is also supported by the importance scores and influence scores in Table 2, where the categories organic growth strategy stability and simple organizational structure were rated high in both importance and influence for the decision maker. In Table 2, the identified biases from the cognitive map of Company A with their degree are shown. For the identification of omission bias and planning bias, see Supplementary Material S13.
Since no AHP process has been carried out with Company A and environment-focused criteria are included in Table 1, no debiasing for omission bias is carried out on the formation of the decision maker’s decision hierarchy. In addition, since Company A no longer pursues a diversification strategy, no debiasing is carried out on the evaluations of the alternatives. This concludes action 3.
4.2 Debiasing techniques utilized in relation to action 4
Once the relevant biases are identified during action 3 (see Figure 1), the appropriate debiasing techniques can be applied in action 4 to generate the debiased decision scores in action 5b. Debiasing techniques for loss aversion bias and status quo bias used in this study are based on the study by Deniz (2020), as described in the following section.
4.2.1 Debiasing for loss aversion bias
Application: In evaluation situations where the decision maker has previously experienced economic losses because of changes to production, organizational structure, or strategy, the decision maker becomes sensitive to loss framings in investments, which causes an overweighting of economic criteria. Based on the study by Deniz (2020), debiasing for an identified loss aversion bias follows two stages:
1) The weight of other criteria is adjusted using the following formula:
[image: image]
(Wdi = debiased weight, Win = initial user weight of each criterion (i to n), Wmax = highest user weight, and W2 = second-highest user weight.)
2) Then, the highest initial user weight is set to the second-highest initial user weight. The reason for this practice is to continue acknowledging the importance that the decision maker has assigned to it.
4.2.2 Debiasing for status quo bias
Application: In evaluation situations where the decision maker has a strong preference for choosing an alternative (e.g., a supplier and a solution) that he/she had success with previously. This has made the decision maker reluctant to choose new alternatives due to the risk this imposes on their current business situation.
The debiasing technique is based on identifying the previous or the go-to alternative that the decision maker tends to choose. An adjustment of the ratings that the decision maker has made to the alternative is conducted. Deniz (2020) performed this by subtracting 1.00 from the decision maker’s evaluation of each criterion related to the biased alternative. This approach is, however, very scale sensitive since Deniz (2020) only used the method with a 1–5 scale for the evaluation of the alternatives. While it is possible to convert different scales into a 1–5 scale using normalization, the practice of reducing the evaluation of the biased alternative by 1 in each criterion creates a situation where the debiased alternative would often score lowest of all the alternatives. In this study, we have opted to instead reduce or increase the score in the weighted normalized decision matrix by 0.05 for the biased alternative. The decrease or increase is tied to how the ideal best and ideal worst values are defined in actions 5a and 5b. The reason for this change is so that this adjustment of the decision maker’s evaluation will not cause the biased alternative to automatically become the lowest-scoring alternative, but still ensures that the gap between the biased alternative and the other alternatives is reduced.
4.2.3 Debias criteria weighting and evaluation in action 4
Following the identification of loss aversion bias and status quo bias in Table 2, the debiasing techniques were applied to the initial user weights (Wi) described under action 1 and the weighted normalized decision matrix, respectively.
4.2.4 Loss aversion bias
The utilization of the debiasing technique for loss aversion bias resulted in the debiased weights (Wdi) presented in Table 3.
TABLE 3 | Debiasing the initial user weights for the identified loss aversion bias from the cognitive map of Company A.
[image: Table 3]These initial user weights and debiased weights, in addition to experts’ weights (Wei; based on the equal weighting method), were accordingly used in action 5 for the weighted normalized decision matrix calculation.
4.2.5 Status quo bias
According to the decision scenario described under action 1, alternative A was defined as the go-to supplier for Company A. Given that the status quo bias was identified and determined to be moderate in its degree of influence in Table 2, this meant that the debiasing technique of adjusting the score for the biased alternative in the weighted normalized decision matrix by 0.05 was used in calculations carried out in Table 6.
4.2.6 Generation of weighted bias and debiased decision under actions 5a and 5b
To generate the final AHP score, TOPSIS calculations (Hwang and Yoon, 1981) were used based on the alternative inputs from Table 1 and the debiased weights from Table 4. This approach was repeated for the other weights and without the debiasing techniques applied. First, in the TOPSIS approach (Hwang and Yoon, 1981), the process was to calculate the normalized matrix ([image: image]) based on the alternative inputs from Table 1 using the following formula:
[image: image]
(Xij = alternative input of each criterion).
TABLE 4 | Criteria weights set by experts, the user, and the debiased user weight following a loss aversion debiasing.
[image: Table 4]This resulted in the normalized decision matrix shown in Table 5. Here, alternative A was noted as biased because it has not been corrected for status quo bias at this point in the TOPSIS approach.
TABLE 5 | Normalized decision matrix for Company A.
[image: Table 5]Next in the TOPSIS approach was the assignment of the ideal best and ideal worst values for each criterion, followed by the calculation of the weighted normalized matrix ([image: image]). The ideal best and ideal worst values were dependent on the criteria. For example, for tech viability, a high score (Vmax) would be the ideal best value, but for the criteria payback period, a low score (Vmin) would be the ideal best value since a shorter payback period on an investment is preferred. This gave the following logic for the ideal best value for criteria:
• Tech viability—highest index score (Vmax score)
• Eco viability payback period—lowest payback period in years (Vmin score)
• ECO viability ROI—highest 1.000 € per year (Vmax score)
• ENVIRO carbon footprint—lowest kg CO2/kg product (Vmin score)
• ENVIRO eutrophication—lowest N/kg product (Vmin score)
• ENVIRO water footprint—lowest m3/kg product (Vmin score)
Reverse logic was then applied to define the ideal worst value for the six criteria (Hwang and Yoon, 1981). The weighted normalized decision matrix (Vij) was calculated based on the values in Table 5 using the following formula:
[image: image]
At this point, the debiasing technique for status quo bias was applied to the weighted normalized matrix calculation for alternative A only (Va) using the modified formula of Eq. 3:
[image: image]
In Table 6, the results are shown by alternative A being noted as debiased. The values from the Va followed the same type of calculations but replaced Vij when calculating the Euclidean distance for ideal best and ideal worst values for alternative A. Next, the Euclidean distance from the ideal best value (Si+) was calculated using the following formula:
[image: image]
TABLE 6 | Weighted normalized decision matrix for Company A with calculated performance score (Pi) of each alternative (A–G) based on their [image: image] and [image: image] values.
[image: Table 6]Then, the Euclidean distance from the ideal worst value (Si-) was calculated using the following formula:
[image: image]
With the ideal best and ideal worst values, the calculated performance score (Pi) for each alternative was finally calculated with Eq. 7, resulting in the weighted normalized decision matrix given in Table 6.
[image: image]
4.2.7 Ranking of alternatives under action 6
With the Pi score from Table 6, it was possible to rank the different alternatives based on their Pi rating, as shown in Table 7. This enables us to conclude which alternative would be the optimal local evaluated decision in this case-specific application.
TABLE 7 | Final AHP score matrix using expert weights, user weights, and debiased user weights. Pi stands for performance score.
[image: Table 7]4.2.8 Enacting the optimal evaluated decision under action 7
With the ranking of alternatives for each weight type (expert, initial user, and debiased user), the decision for the optimal local evaluated alternative was made. Based on the Pi for expert weights and debiased user weights, the optimal local evaluated decision for the decision maker to enact is alternative B to achieve the best environmental and economic option for the production.
5 DISCUSSION
To choose the alternative to enact in action 7, a ranking based on the Pi score was made central to this action, and the proposed method was able to correct the biases of the decision maker from Company A in this typical but hypothetical scenario, as shown in Table 7.
When using the expert weights as a benchmark for validating the chosen alternative, it generated the ranking B > F > A > G > C > D > E (Table 7), on which alternative B should be enacted. When using the initial user weights for the alternatives, it generated the ranking A > C > B > F = G > D > E (Table 7), where alternative A would be the suggested option for the decision maker to enact, while alternative B has been reduced to the third-best alternative to enact.
Reviewing the alternative input in Table 1 shows that while alternative A has the highest input values for technical viability, payback period, and ROI, it has one of the worst inputs for carbon footprint, eutrophication, and water footprint. Choosing this alternative would accordingly be in contradiction to the aim of achieving the best environmental and economic option for the production.
When using the debiased weights for the alternatives, it corrected the previous ranking and generated B > A > C > F > G > D > E (Table 7). Consulting the Pi for the debiased user weight shows that the decision maker should choose alternative B to enact, which is in line with the Pi for the expert weights.
Reviewing the alternative input in Table 1 shows that alternative B has the third-best input values in technical viability, payback period, and ROI behind alternatives C and A, while it has the second-best input values for carbon footprint, eutrophication, and water footprint after alternative F. Choosing alternative B would, therefore, achieve a good balance between the environmental and economic criteria and enable the decision maker to realize the aim of the best environmental and economic option for the production. By applying the debiasing techniques, the final ranking of suggested alternatives was corrected for the identified bias.
To evaluate the robustness of the proposed debiasing method with respect to changing the relative criteria weights of the user, a graphical method-based sensitivity analysis (Frey and Patil, 2002) of relative criteria weights by a user was conducted. To obtain relative criteria weights, a simulation was established, which simulates a pairwise comparison procedure, as described in the AHP methodology (Saaty, 1980). Given that the analysis of Company A’s cognitive map show that a loss aversion bias is present and causes an overweighting of the economic criteria payback period and ROI, this still has to be reflected in the criteria weights following a pairwise comparison. To test this, an additional simulation was designed to conduct the pairwise comparison where these two criteria could not be weighted lower in importance than the other criteria, thus ensuring a higher weighting for these two criteria. This simulation created eight new initial user criteria weights, which are shown together with the AHP calculations to achieve the weights in Supplementary Materials S14A, B. Once the simulated initial user criteria weights were created, they were run through the same process, as shown in Section 4 and Figure 4, representing the results from this process. The sensitivity analysis and figure were created in Microsoft Excel using the Visual Basic Application programming language and can be viewed in Supplementary Material S14C.
[image: Figure 4]FIGURE 4 | Sensitivity analysis. The sensitivity analysis is based on the ranking results when applying the simulated initial user criteria weights to the AHP tool and then debiasing these weights.
According to Figure 4, it is evident that the ranking results are, to some extent, dependent on the weights that a user assigns to the different criteria. In seven out of eight cases, the user initial weights would lead to alternative A being evaluated as the optimal local evaluated decision; however, in the same number of cases, the debiased weights are able to correct the ranking of the optimal local evaluated decision to alternative B. Consequently, it is reasonable to assume that the proposed debiasing method is robust to changes in the initial user weights and that Company A should select alternative B as this alternative achieves the best balance between the environmental and economic criteria, which was the actual aim with this decision scenario.
However, there are some limitations in the approach which need to be addressed. One of the main limitations of the study was the reliance on randomly selected simulated data for the results, which decreases the validity of the conclusions in this case study. To gather actual AHP input data in actions 1 and 2 from Company A and analyze those using the proposed method would, therefore, be one of the future goals in relation to the study.
The proposed debiasing method and the sensitivity analysis are based on one comprehensive case study, making it difficult to determine the robustness of the method to other case studies where the context of the decision might be different. However, in the current examined case study, the type of decisions and the decision process are quite generic, and here, the method was shown to be robust to the changes in the initial user weights. Future studies should test the robustness by expanding the number of case studies in a sensitivity analysis to further validate and verify the proposed method and to expand the literature in this rather new research field.
Another limitation of the case-specific application of the method is testing with expert weights that are based on an equal weighting method, while other weighting methods potentially used by experts are so far untested. This is an issue also raised in the literature within the research field (Ma et al., 2017; Haeri and Rezaei, 2019; Deniz, 2020). This can potentially lead to decreased method general applicability and robustness because different experts may consider some criteria to be more significant while other experts may consider them insignificant. An example of this is to weight the different SDGs against each other. Here, some experts claim that they should be weighted equally (Eppinga et al., 2020), while others claim that the environment-related SDGs are more significant than the economic-related SDGs (Eppinga et al., 2020; Stockholm Resilience Centre, 2016). Such conflicts on what is considered significant or insignificant criteria by experts can have implications for the results of this or any other case study. However, it will be easy to modify and parameterize the method to include different weighting of different criteria, and as such, the generic method is not limited by this but can be used in scenario testing of different weighting methods. This limitation will require future investigations to conclude the method’s robustness in a case-specific context against different weighting methods used by experts on the issue of side-stream utilization.
Another limitation and a potential source of lacking robustness in the proposed method stems from the bias identification in action 3. Beyond the time required to gather the interview data and analysis using the different procedures described under action 3, a large responsibility is placed on the conductor of analysis to not only handle the vast amount of qualitative data correctly but also to analyze these as objectively as possible. Therefore, an emphasis was made to enhance both the construct validity and the internal validity during action 3 to reduce any researcher bias by using the following precautions (Brinkmann and Tanggaard, 2015).
To improve the study’s construct validity, the following procedure was used: multiple sources of evidence (interviews, annual reports, press releases, etc.), focusing on maintaining the chain of evidence, and organizing the data and documenting the data appropriately, as shown in Supplementary Materials S10–S13. In addition, the construct validity was strengthened by having the cognitive map and following AS model reviewed by decision makers who participated in the interview (Brinkmann and Tanggaard, 2015; Yin, 2014). To improve the internal validity of this study, explanation building was applied to build an explanation of the case that is fundamental in a theoretical explanation (Yin, 2014). This was carried out by pattern-matching the recurring themes from the interview with the theoretical definitions of cognitive biases and documenting their match. For this, see Supplementary Material S13.
Due to this reliance on the conductor of analysis, it may be difficult to achieve a complete reproduction of the bias identification results from action 3. A way to improve the CM procedure and subsequent AS procedure in action 3 may be to reduce the conductor of analysis involvement in the creation of the cognitive map and focus more on a self-Q method, as shown by Tegarden and Sheetz (2003). In their method, the decision maker is responsible for providing the input to create a cognitive map through an automated WWW-based system or software program developed for this action, which would limit the conductor of analysis involvement.
The application to different decision contexts also needs to be further explored for the proposed method. In this study, the decision context is rooted in increasing side-stream utilization in the seafood industry. However, other food industries that also seek to increase the utilization of their side-stream or other waste resources for both economic gains and positive environmental impact could also use this proposed generic method to assist their decision process. The main limiting factor to the application of the method is whether a company uses MCDM tools in their decision-making process or not. As MCDM tools are generally used in many different contexts and industries (Ernest and Gass, 2001; Munier and Hontoria, 2021), the MCDM context will not be an issue as has been demonstrated in the already established literature in this field (Ma et al., 2017; Arabsheybani et al., 2018; Qian et al., 2019; Deniz, 2020). Naturally, limitations in the application would occur in the case that the company does not use MCDM tools in their decision-making process. In this case, the proposed method can only be applied to identify the biases and not correct for these since the techniques used by the proposed method are focused on correcting the initial user weights that are used in the MCDM tools’ calculations. In this case, process-oriented debiasing techniques (Gilovich et al., 2002; Croskerry et al., 2013) will have to be used instead as an intervention in the company’s decision-making process.
6 CONCLUSION AND FUTURE PERSPECTIVES
Based on the proposed methodology and application of a typical case, it was possible to identify and determine the degree of cognitive biases to which the decision maker was influenced and correct for these. This is carried out by implementing the relevant debiasing techniques into an AHP tool to improve the quality and performance of the tool by reducing the influence of overweighted user weights. Thus, it leads us to reject the zero hypothesis and realize the aims set in this study.
This study and its results provide the industry and science with a structured method to identify several decision-making biases and correct for these in an AHP context. The proposed method enables to identify more than one cognitive bias, which is the current limit in the AHP methodology. Furthermore, it enables companies and researchers to correct for these biases, which can assist companies in achieving greater objectivity in their decision process that balances out the goals of achieving both economic gains and more environmentally sound production with side-stream resources.
The issue of biased decision-making not only contributes to problems in the seafood industry but also in other food production industries, policy, medicine, and education. Thus, the application of the proposed method shown here is not limited to just one sector or industry and, for that matter, Europe as a region. The only limitation to the application in the global context is whether a company or organization uses MCDM tools in their decision-making process or not. While this study only has shown the application of debiasing techniques in relation to AHP with TOPSIS, it would not be difficult to apply the proposed method to other MCDM tools such as SMART, SWING, and Expert Choice. This range of possible applications outside the seafood industry and the AHP methodology would be of significant interdisciplinary interest and relevance but would require further testing of the proposed method within these settings.
As a future direction, it would be important to develop, test, and compare with similar computational debiasing techniques as those for loss aversion bias and status quo bias for other cognitive and motivational biases described in the heuristics* and bias literature. The goal would be to have an index consisting of a suit of debiasing techniques where their conditional application and correcting method are described, as shown in Section 4.2.
The general applicability of the proposed method needs to be addressed. Since the study is based on a single case study in the western European seafood industry, its generalization claim is not yet fully explored (Runkel & McGrath, 1972). To improve the generalization of the method, more case studies from the European seafood industry should be explored to enable statistical testing of whether the debiasing techniques of the proposed method can produce the same results in different decision contexts and, thus, support generic applicability and robustness of results (Runkel & McGrath, 1972). Furthermore, there remains the issue of generalization beyond the European seafood industry, which will require more data to build a catalog of case studies for these regions so a further argument for generalization can be made. Therefore, creating this catalogue is another future direction from this study that needs to be expanded. Here, the generic and transparent design of the proposed method will ensure ease of application in these new case studies.
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