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Introduction: New EU regulations for increased sustainability and better utilization of side-streams are pushing the European mussel farming and processing industry to adapt to new regulations regarding their wastewater production, which leads to incentives for optimizing methods for better utilization of this side-stream resource. In this study, one such European company is faced with a choice of a filtration system out of three possible options, to invest in and achieve the option with the best balance between economic gain and environmentally sound production.
Method: For this, a specialized Analytical Hieratical Processes (AHP) tool was utilized together with a supplementary Debias Your Decisions (DYD) tool to visualize the local best choice for the company.
Results: Based on the generated user weights from the company it was apparent that the user weights were biased towards certain criteria in the AHP tool, which meant that half of the tool’s criteria had greatly diminished influence on the tool’s scores. This brought into question the objectivity of the Performance index (Pi) score results from the AHP tool when the user weights were applied, since these Pi scores deviated significantly from the expert Pi scores. The supplement tool DYD was found to be able to identify the dominant decision biases influencing the user weights in the current case, which enabled the implementation of relevant debiasing techniques to correct for the overweighted user weights from the company. With these corrections and the case company’s input data, the optimum alternative suggested for the case company is membrane filtration based on the final Pi scores for all weight sets.
Discussion: This process and final debiased results further validated the AHP tools results as objectively grounded due to their convergence with the experts’ scoring results. This study also served as further validation for the new supplement DYD tool as the current sensitivity analysis showed the tool’s robustness to be high.
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1 INTRODUCTION
This case study is based on the decision context of one European mussel farming and processing company that is faced with an investment choice between three new alternatives for the management of a highly polluted side stream that, currently, the company cannot discharge into nearby water bodies. This investment choice is important for the company because of its potential for increasing the utilization of the company’s side-stream resources, by extracting protein concentrates from its production waste cooking water. The aim of the company is to improve both their economic performance and environmental profile after new European Union (EU) regulations have made their previous methods of wastewater disposal obsolete. To assist in and validate which investment choice the company should objectively make, this study utilizes a new methodology, Debias Your Decision (DYD), to achieve this. The current study accordingly also serves as a validation of this new methodology. In the following, we outline the overall decision context that the company is faced with, for which this method is applied.
1.1 Increasing disruptions to the European mussel aquaculture and processing industry following the EU’s regulations
Why are the EU’s regulations on production waste increasing and how does this influence the European mussel aquaculture and processing industry?
In the European Union, water and wastewater are regulated by 2000/60/EC and 91/271/CEE directives. Since its approval, pollution has increased and technology has improved. To better adapt these rules to the objectives of the Union’s climate policy, the European Commission, in 2022, proposed a new European Directive, which is now being studied by the Environment Commission (European Commission, 2022). In general, the new directive establishes stricter rules and obligations. In addition, one of the main objectives of the new directive is to convert wastewater treatment into a resource center for water, energy, and the recovery of by-products. Securing affordable and sustainable food sources for the rising world population is one of the current challenges that most societies are facing worldwide (Schubel and Thompson, 2019; Costello et al., 2020; Van der Meer, 2020; Farmery et al., 2021; Van der Meer et al., 2023).
In general, the food processing sector is defined by the high efficiency of its exploitation of its raw resources and side streams. For instance, the processing of beef cattle has a near to 100% utilization rate (businessinsider, 2017).
Conversely, in the food processing sector, involved in the utilization of aquatic living resources, this efficiency is significantly lower. Here, the utilization of resources is impeded by inefficiency. In some cases, up to 60%–70% of the resources end up as production waste that are discarded or considered low-value products (FAO, 2020; Coppola et al., 2021; Siddiqui et al., 2023). Such waste and low-value products constitute the so-called side streams of seafood production. This often leaves the industry and society with a poorly utilized resource biomass, which, in many cases, could be used for higher-value purposes, such as securing affordable protein sources for food and feed applications or developing bioactive peptides for nutraceutical and pharmaceutical production (Shahidi et al., 2019; Coppola et al., 2021; Schrøder et al., 2023; Siddiqui et al., 2023).
To meet this global and societal challenge and the goals set by the EU “Green Deal” and “Blue Bioeconomy” (EUR-Lex, 2019), the rules and regulations on the disposal of production waste set by the EU have been expanded and made more restrictive in general (EUR-Lex, 2021). The aim of these new EU regulations is, in part, to achieve the UN SDGs of “Zero hunger (SDG 2),” “Climate action (SDG 13),” and “life under water (SDG 14),” while, at the same time, providing the best conditions to support the seafood industry in achieving “decent work and economic growth (SDG 8)” (European Commission, 2022).
These new EU regulations are meant to challenge the “business as usual” context (European Commission, 2022), and European seafood companies, as a result, are facing increasing disruption to their existing waste management approaches in relation to their side-stream resources.
One such disruption is occurring in the European mussel farming industry. In this industry, the new EU regulations have posed a challenge to the economic sustainability of the involved companies due to their greater focus on securing environmental sustainability in the industry. These new regulations have been introduced on top of an industry that is already struggling with decreasing profitability since 2016 due to low and stagnant prices in the EU market, import of cheaper products from outside the EU, and increases in the production cost per unit produced (Avdelas et al., 2021; EUMOFA, 2022). These factors have led to a decrease in production for an industry which, in 2016, produced approximately 519,000 tons of mussels, which, in 2020, had dropped to 431,000 tons of mussels produced by European mussel farmers (EUMOFA, 2022).
A disruption caused by the new regulations can be observed with respect to the disposal of mussel shells. Mussel shells that were previously used as a liming agent in earthworks and roads are now regulated against, since the shells are being classified as a pollutant (EUR-Lex, 2008; BOE, 2022). This has limited mussel farmers’ ability to dispose of their shell waste in an economically viable way. Another disruption is seen in the management of the cooking water from primary mussel production, which, following an EU regulation in 2018 (EUR-Lex, 2021), has observed a ban on the industry practice of dumping the mussel cooking water back into the sea. This is due to the practice’s eutrophication effect, with increased nutrient loads in coastal waters.
Therefore, how does one comply with the new regulations aiming toward higher environmental sustainability, while maintaining one’s economic sustainability in an industry that is already experiencing reduced profitability (Avdelas et al., 2021; EUMOFA, 2022) is a question that remains for these companies.
In other words, “It is a tough shell to crack.”
1.2 Description of the mussel farming and processing case company’s decision context
On request by the case company of this study, the reference to the company has been labeled as “Case Company” throughout the study.
Due to the EU regulations, the case company in this study needs to filter and decanter their cooking water side-stream resource before leading it back into the sea or to the local sewage system. On many occasions, the company’s cooking water volume exceeds their capacity to filter and decanter it. On these occasions, the cooking water is transported to a local water treatment plant in the nearby town, which incurs a waste management cost of 6,700 Euros every quarter for the case company. This has been described as a significant cost by the company which they would like to reduce by exploiting this side-stream resource and potentially gaining an income from this.
The side stream originates from the main production of deshelled boiled mussels that are produced by the case company. Depending on the harvest year, the company produces approximately 1,400–1,700 tons annually for the main production of deshelled mussels. The main production approximately requires 140,100 m3 of seawater per year to process farmed mussels. The amount of cooking water left from the main production varies according to the seasonal harvest, the processing steaming rate, and filtration, but on average, 3.4% of the total waste seawater is left as a side stream. Therefore, an annual production of 1,400–1,700 tons of mussels creates an annual average of 4,840 m3 of mussel cooking water for the company.
The costs of filtering the cooking water are rather significant for the company, totaling to 60 Euros per production hour in energy cost and necessary consumables. This cost together with the waste management cost to the local water treatment plant is negatively affecting the company’s profit generation, and they are already operating on a tight and decreasing profit margin (Avdelas et al., 2021; EUMOFA, 2022).
Due to these costs and following the company philosophy of “closing the cycle,” according to their sustainability objectives, the company is interested in developing their side-stream resources themselves through self-production. The mussel cooking water is envisioned as a new business segment centered on the extraction of protein concentrates, which the company wants to sell in the form of raw extracts to pharmaceutical companies.
The major reason for mussel cooking water being the focus of the company is that it is rich in fatty acids and proteins and also glucagon, which is a valuable extract used in medical products, such as insulin, to regulate blood sugar levels (Petersen et al., 2018). For now, it is only the protein concentrates that the company is interested in, but the other two extracts are viewed as potential future revenue sources too.
On this basis, the company has framed the investment and expansion of their filtering operations through extraction focus as an overall economic gain scenario. Previous pilot projects with different extraction methods in the company, such as ozone, evaporation, and biological depuration, have been considered. These options have shown varying efficiencies and production results (personal communication, case company). Presently, this makes it unclear for the company on which option to choose to make an optimal investment for this side-stream resource. Their consideration is a fine balance between securing both economic sustainability and compliance with the new environmental regulations. Currently, three alternatives are being considered.
• Membrane nanofiltration is a physical separation method that is characterized by the ability to separate molecules of different sizes and characteristics
• Flocculation is a chemical separation method whereby small particles in suspension are caused to aggregate, creating large clusters (flocs) that are much more easily separated than the original particles
• pH shift is a separation process based on protein recovery in either acidic or alkaline conditions
To increase visibility in such an evaluation and decision process, the case company has employed the use of a Multi-Criteria Decision-Making (MCDM) tool to assist them in making the most objective choice to solve this decision scenario. A specialized AHP tool has specifically been developed for the case company (please see Supplementary Material S3) by the Spanish research institute AZTI (AZTI.es), which the case company is using to validate their decisions. The AHP tool is one of the many available MCDM tool variants, and one of its strengths in the current context is that it is a relatively low-effort-demanding decision support system for untrained users to work with (Kulakowski, 2020). In addition, the AHP methodology acknowledges some elements of cognitive psychology to explain and account for the cognitive bias, Confirmation bias, and this bias’s influence in a decision process (Deniz, 2020; Rezaei et al., 2021). However, the AHP methodology does lack an active framework for identifying and correcting for other cognitive biases beyond the Confirmation bias, which has other further reaching implications for the decision process than the Confirmation bias and may cause inconsistencies in the AHP tool’s ratings (Deniz, 2020; Melnik-Leroy and Dzemyda, 2021; Dhurkari, 2023). A major inconsistency is that such cognitive biases can cause a reduction in the objectivity of the recommended choice that the AHP tool recommends (Deniz, 2020; Schrøder et al., 2023). Due to the potential inconsistency in the tool, the case company wants to have a supplementary tool added to the AHP tool to account for any potential company-specific biases and to ensure the objectivity of the choice that the AHP tool recommends.
1.3 Objectives
This study aims to evaluate the current decision context of one European mussel farming company, which seeks new utilization for their side-stream resource, mussel cooking water. In this process, one objective is to validate the specialized AHP tool’s results with an additional debiasing tool (DYD) to reduce the influence of any subjective biases that may influence the AHP tool’s results and to objectively ensure the best extraction option for the case company. This best option is defined as the option that secures the best balance between economic gain and environmentally sustainable production according to the AHP tool.
Furthermore, in addition to providing the case company with validation for their AHP results based on the debiasing method described in the study by Schrøder et al. (2023), an objective of the current study is also to further validate that method among others by applying the DYD method.
A final objective is to test and evaluate the ability of the two methods for a broader application across case studies.
• Null hypotheses: Debiasing techniques will not adjust the user results of the case company to be similar to the experts’ weights in the AHP tool
• The results of the debiasing techniques (AHP and DYD) will not change the decisions significantly; i.e., they will not adjust the case company’s user weight to be similar to the experts’ weights in the AHP tool
2 MATERIALS AND METHODS
2.1 Initial method review and final method selection
Initially, a subset of the debiasing methods designed for use with MCDM methods, such as the AHP methodology, were reviewed, leading to the final method selection for application in the current case study. There exists a number of bias-correcting methods in the current AHP literature that were considered as the final method for this study. In Buchanan and Corner’s (1997) method, the focus is on the impact which the Anchoring effect has on the evaluation of alternatives, probability assessments, and rank ordering of objectives and on how to reduce their influence in the MCDM methodology. In the work of Almashat et al. (2008), the method details debiasing procedures for the framing effect to prevent this effect from influencing the decision-making process, along with the formulation of the AHP problem hierarchy and the evaluation of alternatives.
Ma et al. (2017) extended the AHP method to handle cognitive limitations, such as the Sunk-cost fallacy, Affect heuristic, and first impressions, and, as such, reduced the influence of those limitations on the posed MCDM problem using a DS/AHP approach. In Qian et al.’s (2019) method, the Loss aversion bias is considered and corrected for when a decision is being made with incomplete information using a BOCR-uRTODIM solution method. Deniz’s (2020) method considers and corrects for the Loss aversion and Status quo bias through a combined AHP and Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) setting. Last, Schrøder et al. (2023) developed a new generic method, DYD, which can identify cognitive biases from interview data and, thus, enable the implementation of relevant debiasing techniques found in the general debiasing literature to correct for these in a combined AHP and TOPSIS setting.
Commonly, all, except one of the above bias-correcting methods, do not provide a framework for identifying the bias for which they provided correction. This reduces their applicability in real-world case studies, and in addition, these methods only provide a debiasing technique for one or two cognitive biases in general, further limiting their case-specific applicability. Given the emphasis that was placed on ensuring the objectivity of the AHP results using relevant debiasing techniques to correct for company-specific biases, this limits the final method selection to Schrøder et al. (2023). The reason for this is that it is the only method in scientific peer-reviewed literature that provides a unified framework for identifying and correcting for cognitive biases.
In the current case study, we will consequently follow the seven-action workflow through the application of the DYD method, as developed and described in detail in the work of Schrøder et al. (2023), to identify any possible biases that may influence the AHP tool’s results. Should any biases be identified, the appropriate debiasing techniques described in the work of Montibeller and Von Winterfeldt (2015) and other relevant literature (Buchanan and Corner, 1997; Deniz, 2020) will be utilized to debias the AHP tool’s results in that specific case study. The seven-action flow in the new DYD tool, as described in the work of Schrøder et al. (2023), comprises the following stepwise process, as shown in Table 1.
TABLE 1 | Seven-action workflow of the debiasing procedure in DYD.
[image: Table 1]Each of these seven actions will be applied in detail for the case company; they are activated and presented in Results.
To evaluate the debiasing method DYD and the results for the case company, a graphical method-based sensitivity analysis of the input values from the user was conducted (Frey and Patil, 2002). In this analysis, the initial user weights from the case company, in Table 5, was changed by +20%. This was carried out for one weight at a time while keeping the other weights constant. The deviation in the Performance index (Pi) scores between the new debiased weights and the original debiased weights was then compared to test the robustness of the results. A threshold of ± 0.01 in deviation was set as an acceptable deviation level for this study. This analysis is conducted as part of Discussion.
2.2 Case-specific materials and equipment
2.2.1 Required data

• Interview data from key decision makers in the given seafood farming and processing company on side-stream utilization and the criteria for sustainable development are given here, preferably from the same decision makers who will also be the ones using the MCDM tool. The template of the collected interviews and the interview guidelines are detailed in the work of Schrøder et al. (2023) (please see Supplementary Material S1).
• The AHP score data were obtained using the AHP tool based on the user’s decision criteria, decision weights, and alternative evaluations that the user has generated using the tool.
2.2.2 Equipment, software, and tools

• Recording device for interviews
• Microsoft excel or equivalent data compilation and analysis software
• The MCDM tool: In this study, we utilized a specialized AHP tool developed by AZTI (please see Supplementary Material S3)
3 RESULTS
3.1 Determination of the criteria and criteria weights
Following the process described in Table 1 and Schrøder et al. (2023), Action 1 is initialized by the case company, outlining the six criteria that they would like the AHP tool to account for. These six criteria and their associated units of measurement are shown in Table 2.
TABLE 2 | Company decision makers’ valuation of each alternative that is being evaluated based on the six appointed criteria by the case company.
[image: Table 2]The company then assigned weights to each of the criterion, respectively, following the pairwise comparison approach outlined in the work of Saaty (1980) and Kulakowski (2020) and with scores within the 0.1 inconsistency limit set (see Supplementary Material S2 for the calculation). This approach created the following weights for the different criteria: 0.41, 0.19, 0.28, 0.04, 0.04, and 0.04.
Here, we can observe that the case company will primarily base their decision on the technical and economic viability criteria, while the environmental viability criteria will have only little influence on the result scores. This already hints at a biased decision process, since the current weighting indicates a greater focus on securing economic sustainability rather than compliance with the new environmental regulations. This also goes against the expressed aim of securing a fine balance between both economic viability and compliance with the new environmental sustainability aims and regulations and accordingly indicates an intention–behavior gap in the decision-making process of the case company.
3.2 Valuation of the alternatives by the decision maker
Next, in the workflow, we have Action 2, where the case company supplies the AHP tool with the relevant data needed to obtain the AHP scores for each of the alternatives that are evaluated. The generated scores are displayed in Table 2.
The Technical viability criteria take the quantitative result (i.e., storage capacity, protein content, and amount of raw material) as input and return an output score of between 0 (lowest possible viability) and 10 (highest viability). The economic criteria Payback period and Return On Investment (ROI) are generated from a 10-year projection of the basic costs and incomes based on the yearly amount of the by-product and additional user-defined inputs (i.e., depreciation period, percentage of own funds, percentage of bank–public loan, and loan interests). As the output, it calculates an estimate of the Payback period and the ROI. In general, the score for the Payback period should be as low as possible and the score for the ROI should be as high as possible and should be a positive value.
The environmental criteria of the Carbon footprint, Water footprint, and Eutrophication are based on a Life Cycle Assessment (LCA) that considers the amount of material used for packaging, energy and water consumption, and the generated waste to calculate the Carbon and Water footprint and the Eutrophication factor. In general, the scores for all three criteria should be as low as possible. The details on how the AHP values were generated in the current case are described in Supplementary Material S3.
From Table 2, it appears that alternative A has the best scores for criteria 1–3. Meanwhile, both alternative B and C scores are significantly better for criteria 4–6, but have negative scores for criteria 3, which means that the case company would be adding more costs to their operation than generating revenue with these methods. The negative score for criteria 3 in alternatives B and C also means that these alternatives cannot self-finance the investment and that the case company needs to allocate additional financial resources to pay off the investment. In this study, we work under the assumption that the case company would be able to pay back the initial investment cost in 3 years for alternative B and 5 years for alternative C. Based on this factor and the generated initial user weights from Action 1, it is already possible to conclude that alternative A with a high certainty will be the preferred choice for the case company when it comes to the user ranking in Action 6.
3.3 Decision-maker biases and bias degrees
Once the AHP scores are obtained for each alternative, Action 3 in the workflow is initialized to identify any potential biases that might reduce the objectivity of the AHP tool and its scores for each of the alternatives. This involves constructing a cognitive map from the interview and then subjecting this map to an attribute substitution analysis, as described in the work of Schrøder et al. (2023).
The complete cognitive mapping analysis is presented in Supplementary Material S4, S5 and shows the Thematic analysis, Centrality analysis, Domain analysis, and Givens–Means–Ends (GME) analysis that constitute the cognitive map. The result of the cognitive mapping analysis generates the case-specific cognitive map in Figure 1, which is also summarized in Table 3.
[image: Figure 1]FIGURE 1 | Cognitive map of the case company. The flow is kept unidirectional. The Givens, which represent the underlying variables central to a decision maker’s view of a situation, are able to influence the Ends, which represent the goals of the decision maker. The Means act as moderators for the Givens in this influence process. For a more extensive version, please see Supplementary Material S6.
TABLE 3 | Identified biases from the cognitive map of the case company. Importance/centrality covers how influential a category is on the decision-making process. The higher the score (0–1), the more important the category is. Average influence covers the influence that the category has on the other categories in the cognitive map. The higher the score, the higher influence of the category in the cognitive map.
[image: Table 3]From Figure 1, the idiographic causality for the company’s decisions in relation to sustainable development can be observed and ordered as Givens, Means, and Ends. From the cognitive map, it is evident that the economic aspect of sustainable development is the focus, as shown with the two Ends categories of cost management and economic sustainability. From the cognitive map, it can be further observed that the Means category’s new extraction process is primarily economic in its scope, due to its connections to the two Ends categories and it shares one indirect relationship with the Mean category, environmental sustainability.
The cognitive map further indicates that the case company is more economic in its foci than being environmental-oriented. This indicates a tendency of the case company to react more to an economic framing of gains and losses than to an environmental framing of gains and losses.
Furthermore, the lack of a direct relationship between the two Means categories of environmental sustainability and the new extraction process indicates an omission of environmental sustainability in the decision-making process on investing in a new extraction system.
The subsequent Attribute Substitution analysis visualized, in Figure 2, in the following expands on this.
[image: Figure 2]FIGURE 2 | Attribute substitution of the case company. Green letters are the target attributes, red letters are the heuristic attributes, and blue letters are the sub-attributes. For a more extensive version, please see Supplementary Material S7.
In Figure 2, the case company’s attribute substitution can be defined as follows: the target attribute is the sustainable development of side-stream resources. The heuristic attribute is that the company understands the target attribute through cost management, “Close the Cycle” approach, new extraction process, economic sustainability, legal regulations, and environmental sustainability. The sub-attributes are the concepts that constitute the heuristic attributes, e.g., the sub-attributes of the heuristic attribute cost management are loss framing on ecological certification, cost efficiency fundamental, 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 3. This analysis shows the same trend as the cognitive map of the economic aspect of sustainable development being the dominant focus of the company. From this, it is now possible to start the identification of the case company’s cognitive biases.
3.4 Identification of the Loss aversion bias
From Figure 2, it further appears that the decision maker primarily views the sustainable development of side-stream resources with an economic focus, which is based on the heuristic attributes of cost management, “Close the Cycle” approach, new extraction process, and economic sustainability. These heuristic attributes also include sub-attributes that are primarily economic in their foci. For instance, the “Close the Cycle” approach includes the sub-attributes “commercialization interest” and “economic loss on waste products’ value.” This is also exemplified in the interview data:
“Interviewer: Is one hundred per cent of the shell utilized?”
Company: We recycle one hundred percent of the shell, but we do not sell it, we pay for it. It is a big cost.
Interviewer: Is it big? How much is it in proportion to the annual turnover?
“Company: It is 30 euros per ton of grinded shells. Approximately 15 euros are paid to the recycling plant and the transport costs another 15” (Supplementary Material S4, lines: 50–54).
While some focus was on the other aspects, such as legal regulations and environmental sustainability, which were 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 new EU regulations being introduced to the industry:
“Interviewer: In the case that the water coming to the WaSeaBi project and what is being carried out in AZTI cause the marketable nutrients to be extracted with the technology that AZTI is developing, would you take part in that business opportunity? Or would you only like to get rid of and pay for the water because it has value at the end?
“Company: It depends on the business…Mussels are secondary; we are only interested in the money, everything else…” (Supplementary Material S4, lines: 371–375).
This has caused the case company to focus more on the economic aspects of the investment decision than on the environmental aspects. The focus on the economic aspects is primarily driven by a motivation to reduce the economic costs that new waste management regulations have caused the company, which have made them more sensitive to loss framings in a decision:
“Interviewer: We have one last question, a clarification question. When you are making decisions regarding your side-streams (shells, water, bad quality shells … ) the main factors determining if you are using this commercially is that there is a market demand? Or a law that is restricting how you can get rid of this side stream.”
Company: Now, we only have one decision, to go through a recycling plant; legally, there is no other option. I cannot … I mean this for the shells; for the cooking water, there are more options. As there is no, let’s say, technology that is within the reach of the company, I mean … a certain type of technology that the company can afford, so the cheapest way is to throw it in the sewerage system.
The ideal would be the re-utilization of it, and there are companies that are interested in it; they want this cooking water/broth.
I mean, we want an affordable re-utilization process, even though is not a re-utilization; I mean, we want to manage it in a correct way but also that the company can afford it; see there was someone who made a wild investment, around 600,000€, into a biological depuration that’s not working, it’s stopped; others used an ultra-filtration system that’s not working as well (Supplementary Material S4, lines: 346–358).
This insight from the analysis matches the description of the Loss aversion bias that is shown in Supplementary Material S8, Table 13 and indicates that the case company would be inclined to the overweight criteria related to the economic focus. This is also supported by the resulting importance and influence scores in Table 3, where the economic categories were the most important and the most influential categories for the case company.
3.5 Identification of the Status quo bias
In Figure 2, it can be observed that the company under the heuristic attribute of the “Close the Cycle” approach has preferences for how to run their practices. Together with the heuristic attribute, legal regulations, it reveals that the company primarily has an aversion toward changing its business practices, since it is viewed as either adding more bureaucracy or complicating the existing waste management processes that previously worked well:
“Interviewer: And has this always been a part of your business approach, trying to have a circular economy where the carbon emissions are as low as possible, or is this a new approach?
Company: The mussel cycle is a natural process by itself, you don’t have to use food, you don’t pollute, like a fish hatchery where you have to feed the fish and pollutes more. The mussel cookers used to manage waste in other ways, how did we do that? We used the waste products in crops, forest tracks/trails … It always seemed a better idea to me to use the product firmly … Imagine you are in a quarry, where you extract stone, it can be used in two ways; the heavy machinery undoes the forest tracks/access roads, then you throw mussel shells and is embedded in the mud and stabilizes it, preventing landslides. The other option, in the quarries, where stone is extracted, at least in Galicia, quarries are obliged to regenerate the land, so you use shell, soil, shell, soil … and at the end you can plant vegetation to recover the land. Then, all of this, with the European law … At least for me, I do not have pretty much more to say!” (Supplementary Material S4, lines: 263–274).
This insight from the analysis matches the description of the Status quo bias shown in Supplementary Material S8; Table 13 and indicates that the case company could be inclined to overvalue alternatives that they have had experience or success with before. However, the importance and influence scores in Table 3 show that this influence is only minor and, therefore, should not be influential in the company’s decision-making process, as the company, in general, shows a great willingness to change their existing practices if a gain scenario is deemed feasible in relation to the heuristic attribute, “Close the Cycle” approach:
“Company: […] We also tried an electrolysis system, but it is like a toy that … after we tried with ozone, but it is unstable, it is too unstable to measure … I mean, I do not understand so much about ozone, I had here several ozone machines but ended up in the trash. What I saw is that you have an ozone system, but you never see if the system is working unless you do constant trials. You are not able to measure the quantity of ozone; is too unstable, it is quickly evaporated or lost as soon as it acts against organic matter. And here there are lots of dissolved organic matter. What is the problem of the cooking water? It has the protein dissolved in the water, like if we dissolved sugar in the water, how the hell you do to … I tried with an evaporation tower, as if it was a distillate. But the issue with distillate is that it explodes up in terms of cost” (Supplementary Material S4, lines: 209–216).
3.6 Identification of the Omission bias and the Desirability of the options bias
It appears from Figure 2 that the company does not factor in the heuristic attribute, environmental sustainability, in their decisions, as it is either seen as something impossible to achieve or as simply being economically infeasible to pursue:
“Company: Our idea would be that the company in that sense would accomplish a null carbon footprint… but that is almost impossible. We have solar panels… but also a difficulty; we work with fuel, but we want to change into gas, but despite there is gas in the area it’s not transported here” (Supplementary Material S4, lines: 260–262).
“Interviewer: I was just wondering, when it then comes to sustainable development is it contingent on certain factors in the sense that if a certain factor is not present then you are not doing sustainable development? When it comes to sustainable development in your business, and the production; is there certain factors that have to be in place in order for you to consider this or do you always consider sustainable development?
Company: Truth is that I do not know; I have not been worried about this” (Supplementary Material S4, lines: 277–281).
“Interviewer: Then what is it that makes it ecological? What is the factor about being ecological?
Company: Nah… Paperwork.
Interviewer: Yes? Is it the same mussel?
Company: Yes, it is the same mussel. I mean; it is a bullshit, a bad business” (Supplementary Material S4, lines: 309–312).
This insight from the analysis matches the description of the Omission bias, shown in Supplementary Material S8, Table 13, and indicates that the company tends to ignore criteria related to environmental sustainability in their decision process. This is also supported by the resulting importance and influence scores, shown in Table 3, where the environmental category was amongst the least important categories for the company. However, the Omission bias does not account for why the decision maker would be inclined to underweight these criteria that are related to the environmentally focused category. In addition, since these environmental criteria are already a part of the tool, using debiasing techniques, such as probing, to incentivize the user to include more omitted criteria related to environmental sustainability, seems redundant. This is also evident when factoring in that the initial user weights generated in Action 1, which show underweighting of these criteria.
Instead, there is a need to draw on a bias that is associated to the Omission bias from the work of Montibeller and von Winterfeldt (2015), the Desirability of options bias. This bias accounts for how a decision maker’s intuitive preference can lead to over- or underweighting of certain attributes or criteria. The concept of environmental sustainability is a rather new concept for the case company to base their decisions upon, and it has been shown in Table 3 as a category that does not have a high level of centrality or influence compared to the technical or economically focused categories. On this basis, it is argued that this is the associated bias that is causing the extreme disparity in the generated initial user weights from Action 1.
Based on the above analysis, it can be concluded that the case company’s decisions might be affected by the biases of Loss aversion, Status quo, Omission, and the associated Desirability of options bias. However, since only the Loss aversion bias and Omission bias have a degree of bias that is moderate or strong, only these two biases will be corrected for in Action 4, given as follows.
3.7 Debias criteria weighting and evaluation
Action 4 covers the establishment of debias criteria weighting, as described in the work of Schrøder et al. (2023). It comprises applying the appropriate debiasing techniques to correct the initial user weights for the associated biases.
According to the results of Action 3, debiasing techniques for the Loss aversion bias will be used to correct the user weights for the economic super-criterion that was created by the experts from AZTI, and it is based on two criteria, the ROI and Payback period.
Based on the work of Deniz (2020), debiasing for an identified Loss aversion bias follows two stages.
1. Adjusting the weight of other criteria using the following formula:
[image: image]
Here, Wdi = debiased weight, Win = initial user weight of each criterion (i to n), Wmax = highest user weight, and W2 = second highest user weight.
2. Setting the highest user weight according to the second highest user weight: The reason for this practice is to continue acknowledging the importance that the decision maker has assigned to it.
Based on the work of Montibeller and Von Winterfeldt (2015), there are several techniques of debiasing for an identified Omission bias. The common theme for these techniques is to prompt the user to include the missing criteria in their evaluation. However, because these criteria have been included in the tool already, these techniques cannot be applied. Instead, a debiasing technique used to reduce the associated Desirability of the options bias will be utilized, since from the initial user weights in Action 1 and the results from Action 3, we can observe a clear over- and underweighting of certain criteria by the case company.
This technique is focused on reducing the extremities between the higher-rated criteria and the lower-rated criteria to ensure that the decision maker’s attention is distributed in a more balanced way (Montibeller and Von Winterfeldt, 2015). Beyond this description, no direct technique for the implementation of MCDM tools is detailed in the literature to our knowledge. Therefore, in the current study, we propose that this debiasing technique is conducted through a direct weight redistribution based on the following conditions:
• IF the majority of overweighted criteria are <1.66 compared to the expert weight and the majority of underweighted criteria are >0.33 compared to the expert weight, THEN 0.05 is subtracted from the weights of the overweighted criteria and 0.05 is added to each of the underweighted criteria
• IF the majority of overweighted criteria are >1.66 compared to the expert weight and the majority of underweighted criteria are <0.33 compared to the expert weight, THEN 0.1 is subtracted from the weights of the overweighted criteria and 0.1 is added to each of the underweighted criteria
In the initial user weights, only one of the overweighted criteria, ROI, exceeds this threshold with a weight of 1.70. In addition, the super-criterion that the criterion ROI is part of only exceeds with a weight of 1.41. Therefore, there are no majority of overweighted criteria exceeding the threshold of 1.66. In addition, none of the underweighted criteria exceed the underweighted threshold of 0.33; the same applies to their super-criterion. Thus, the direct weight correction that is applied when debiasing for the Desirability of options bias is 0.05.
Based on these two debiasing techniques, the debiased weights can be generated. The calculation for the debiased weight is shown in Table 4.
TABLE 4 | Debiasing the initial user weights for the identified Loss aversion bias and Desirability of options bias from the cognitive map of the case company. The factions shown in [] are the weights relative importance to the super-criterion weight.
[image: Table 4]As such, the debiased user weights are generated in Action 4.
3.8 Generation of the weighted bias and the debiased decision
Actions 5a and 5b in the workflow of Schrøder et al. (2023) are the generation of the weighted bias and the debiased decision, using TOPSIS calculations based on the alternative inputs from Table 2 and the weights from Table 5 (Hwang and Yoon, 1981; Zulqarnain et al., 2020). The following calculations feature the expert weights only, but each calculation step is repeated for both the user weights and the debiased user weights (see Supplementary Material S9 for the detailed calculations).
TABLE 5 | Criteria weight sets by experts’ weights, the initial user weights, and debiased user weights following a Loss aversion and Desirability of options debiasing process for the case company.
[image: Table 5]First, in the TOPSIS approach (Zulqarnain et al., 2020), the normalized matrix ([image: image]) was calculated based on alternative inputs from Table 2, calculated using the following formula:
[image: image]
This resulted in the normalized decision matrix, which is shown in Table 6.
TABLE 6 | Normalized decision matrix for the case company. The normalized scores range from −1 to 1. The normalized scores follow the same logic as outlined in Section 3.2. That is, a high normalized score for criteria 1 and 3 is preferred, while a low score for criteria 2 and 4–6 is preferred.
[image: Table 6]The next step was the assignment of the ideal best and ideal worst value for each criterion followed by the calculation of the weighted normalized matrix (Vij). These ideal best and ideal worst values are dependent on the criteria. That is, for the criterion ROI, a high score (Vmax) would be the ideal best value, but for the criterion eutrophication, a low score (Vmin) would be the ideal best value since lower eutrophication levels are preferred due to the regulations that the case company needs to be compliant with. This provided 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 eq./year (Vmin score)
• ENVIRO Eutrophication, lowest kg P eq./year (Vmin score)
• ENVIRO Water footprint, lowest m3 deprived water/year (Vmin score)
To define the ideal worst value for the six criteria, a reverse logic was applied (Zulqarnain et al., 2020). Based on this logic, the weighted normalized decision matrix (Vij) was calculated based on the values in Table 6, using the following formula:
[image: image]
From this, the Euclidean distance from the ideal best value (Si+) was calculated with the following formula:
[image: image]
Then, the Euclidean distance from the ideal worst value (Si−) was calculated with the following formula:
[image: image]
With the ideal best and ideal worst values, the calculated Pi score for each alternative was finally calculated using Formula 6, resulting in the weighted normalized decision matrix given in Table 7.
[image: image]
TABLE 7 | Weighted normalized decision matrix for the case company with a calculated Pi that ranges from 0–1 of each alternative (A–C) based on their [image: image] and [image: image] values. The higher the calculated Pi score, the more recommended the associated alternative is. The weights used in this table are the experts weights from Table 5.
[image: Table 7]3.9 Ranking of the alternatives
Under Action 6 of the process in the work of Schrøder et al. (2023), the actual ranking of the alternatives is conducted based on their Pi rating from Table 7. This covers each of the investigated alternatives from Table 2 and enables us to conclude which alternative would be the optimal local evaluated decision for the case company to choose in this case-specific application. The results for each of the alternatives are shown in Table 8.
TABLE 8 | Final AHP score matrix using expert weights, initial user weights, and debiased user weights for the case company. Pi stands for the Performance index.
[image: Table 8]3.10 Enacting the optimal evaluated decision
Action 7, which is the final action of the process, provides the results of the optimal evaluated decision for the case company, as shown in Table 8, based on the Pi scores of the expert weights, initial user weights, and debiased user weights.
Based on these results, the optimal local evaluated decision for the decision maker to enact to achieve the best environmental and economic option for production in the case company is alternative A, which is the nanofiltration option.
4 DISCUSSION
4.1 Discussion of the case-specific results
Based on the actual input data and comprehensive information from the case company and the final Pi scores in Action 7, the optimum alternative suggested for the case company is alternative A for all weight sets. Despite arriving at the same Pi rank conclusion, the impact of the debiasing method becomes apparent when reviewing the Pi scores in Table 8.
When using the Pi rating based on the expert weights as a benchmark for validating this method, it generates Pi scores of 0.70, 0.42, and 0.30 for alternatives A–C, respectively. This means that alternative A should be enacted as the recommended choice for the case company according to this Pi rating. When the initial user weights are applied instead of the expert weights, they generate Pi scores of 0.91, 0.26, and 0.09, respectively. While these Pi scores still confirm that alternative A is the recommended choice which should be enacted, these Pi scores also show the influence of the biased weights on the AHP tool results. While alternative B and C have worse input values for Technical viability, Payback period, and ROI, as shown in Table 2, their input values for the three environmental criteria are better than those for alternative A. In the case of criteria 4 (the carbon footprint), alternative B and C are approximately four times better than alternative A. However, with the initial user weights, these input values are made less influential on the Pi score and, thereby, fail to capture the positive gains of the stronger environmental profile of alternatives B and C compared to alternative A when applying the initial user weights in the Pi scores.
When the debiased weights are applied, it corrects Pi scores and generates the Pi scores of 0.73, 0.36, and 0.27, respectively. Alternative A is still the recommended choice to enact, but now, with some degree of confidence, we can say that Pi scores are more objectively based than before. These Pi score correction results are similar to the theoretical simulation correction results found in the work of Denis (2020) and Schrøder et al. (2023), where biased weights also caused a deviation from the benchmark before corrections were achieved through the application of appropriate debiasing techniques. However, given the lack of “in situ,” real-world case studies in the debiasing literature related to MCDM methods and, in particular, the AHP with TOPSIS, we were not able to compare this case study’s Pi score correction results with other studies. This is due to the research within this area being currently focused on how MCDM methods either enable or enhance different cognitive biases (Rezaei, 2020; Melnik-Leroy and Dzemyda, 2021; Rezaei et al., 2021; Rezaei, 2022; Dhurkari, 2023).
To evaluate the debiasing method, DYD, and the results of the case company, a graphical method-based sensitivity analysis of the input values from the user was conducted (Frey and Patil, 2002). The sensitivity analysis and resulting Figure 3 were created in Microsoft Excel using the Visual Basic Application programming language and the data for the six new weight sets (expert/initial user/debiased weight 2–7), which can be viewed in Supplementary Material S10.
[image: Figure 3]FIGURE 3 | Sensitivity analysis. The sensitivity analysis is based on the Pi scoring results when changing the initial user weights one at a time by +20%. The expert weights from Table 5 are the benchmark that the debiased weights are compared to. In addition, debiased weight 1 is another benchmark for the analysis to observe how much deviation is caused compared to the original results in Table 8.
From Figure 3, it is evident that the debiasing method performs well. In five out of the six instances, the debiased Pi score results for alternative A are nearly similar to the experts’ Pi score results and only deviate by ± 0.01 compared to the unmodified Pi score of debiased user weight 1. An exception is observed for the weight set “Initial user weight 2,” as shown in Figure 3. Here, the new and increased weight for the criterion Technical viability are causing an issue for the debiasing method, which causes a deviation of +0.06 compared to the debiased user weight 1 for alternative A.
The latter seems to originate from the debiasing technique for the Loss aversion bias. This technique is reliant on the weight criteria associated with the bias, which is also the highest weight value, as this criterion will receive the largest downward weight correction. As the weight value for Technical viability is increased, two issues occur: 1) In Eq. 1, Technical viability is the second highest weight, meaning that it has a fixed value for W2. After a 20% increase, the W2 level is now higher than Wmax, which results in an increase in the weight value for the debiased weight of Technical viability. 2) The economic super-criterion is set to W2 in order to respect the importance of the criteria for the user. In this instance, the weight value for the super-criterion is not lowered but instead increases due to the increase in W2. While the method is still able to correct for this, due to the debiasing technique for the Desirability of the options bias, it shows that the debiasing technique for the Loss aversion bias is sensitive to interventions that change the relationship between W2 and Wmax in Eq. 1.
In the next two tests, where the initial user weights that constitute the economic super-criterion are changed, the debiasing technique for Loss aversion performs as expected. This underlines the specific application of the debiasing techniques for the Loss aversion bias to be highly contingent with the associated weight also being the highest value.
This is also highlighted in the work of Deniz (2020), where it is advised against utilizing this technique if the weight associated with the biased criteria is not able to be set as the highest among all the weight values. In the current case study, there is no argument on associating a Loss aversion bias with the criterion Technical viability, as the analysis in Action 3 only provides evidence for this bias as being associated with the economic super-criterion. Therefore, no adjustment was made to test how the Pi result would change if the weight for Technical viability was set as Wmax in Eq. 1. Although, given the logic of Eq. 1, it would be expected to reduce deviation in this instance. However, this condition of the weight, associated with the biased criteria that must always be the highest weight value, limits the debiasing technique’s application range. In the hypothetical but plausible situation, where the weight associated with the biased criteria cannot be set to Wmax, the debiasing technique will seize to perform as expected. A similar concern is also found in the work of Melnik-Leroy and Dzemyda (2021), where it is noted that the technique would fail to correct a Loss aversion bias in a criteria, showing that weight-wise, it was less important than the other weights in the set. This means that there is a need for the development and testing of a new debiasing technique for the Loss aversion bias, for the instances where the associated weight cannot be set to Wmax.
For alternatives B and C, the trend is the same. Similar to alternative A, the deviation compared to the unmodified Pi score in debiased user weight 1 is high, with −0.04 for alternative B and −0.06 for alternative C when using the weight set “Initial user weight 2.” However, for the other weight sets, the debiasing techniques significantly reduce the deviation between the initial user weight Pi score results and the expert weight Pi score results through the debiased Pi score results in five of the six instances.
Consequently, it is reasonable to assume that the debiasing method is robust and that company B can choose alternative A as the original results, as shown in Table 8.
4.2 Strengths and limitations of the results of this study
In relation to the strengths, the results from this case study show that the method can correct the final Pi scoring results for the influence of biased weights, to be more in line with the experts’ Pi scoring results.
Furthermore, the method does not overcorrect the Pi scores, which could lead to a different ranking of alternatives than the one generated in Table 8. This means that the method does not generate biased results that favor a particular input or weight criteria, adding to the objectivity claim of this method.
With respect to the limitations, the bias identification from Action 3 is a potential limitation of the results. In this action, there is a large responsibility that is placed on the conductor of the analysis to handle the qualitative data correctly and to analyze these as objectively as possible. To account for this responsibility, a large emphasis was placed on enhancing the Internal viability and Construct viability to reduce any potential Researcher bias during Action 3 (Brinkmann and Tanggaard, 2020).
The current study attempted to improve the Internal viability by utilizing Explanation building to build explanations for the case that is fundamental in a Theoretical explanation (Yin, 2014; Brinkmann and Tanggaard, 2020). This was achieved by utilizing pattern matching with the theoretical definitions of cognitive biases for reoccurring themes from the interview with the case company and documenting their match (for this, see Supplementary Material S4–S8). The study’s Construct validity was sought to be improved by the following procedure: multiple sources of evidence (interviews, legal documents, annual reports, industry reports, etc.) were used to maintain the chain of evidence, organize the data, and document the data appropriately, as shown in Supplementary Material S4–S8.
This reliance on the conductor of the analysis means that it may be difficult to achieve the same bias identification result from Action 3 in a reproduction. As suggested by Schrøder et al. (2023), an automated self-Q method, where the role of the conductor of the analysis is reduced in favor of a cognitive map and attribute substitution being generated by the respondents themselves, is a step in the direction of the further development of the method that should be encouraged.
The debiasing technique, used in the study for the Desirability of the options bias, is novel to this study and has not been documented in other studies to our knowledge. While the technique was made operational based on the description found in the work of Montibeller and Von Winterfeldt (2015), further testing through applications (both real-world and simulated) of the proposed technique, beyond what was carried out in this study, is needed to further validate the general applicability of this technique.
The current study represents only one comprehensive investigation with data from one “in situ” real-world company in the European mussel farming and processing industry. While the debiasing method is verified in this case study with specific real-world applications, it remains to be verified if the method shows the same robustness when applied to other European mussel farming and processing companies and, for that matter, to other business settings (Runkel and McGrath, 1972). This has an impact on the method’s generalization claim, as it has not yet been fully explored through statistical testing of whether the debiasing techniques of the method can produce the same results in different decision contexts and for other types of companies in other contexts to support the generic applicability and robustness of the results (Runkel and McGrath, 1972).
5 CONCLUSION AND FUTURE PERSPECTIVES
The application of the debiasing methodology, DYD, to this “in situ,” real-world case study shows the method’s strengths by being able to identify and determine the degree of cognitive biases that the decision makers in the case company are influenced by. In addition, the method was able to correct for those identified cognitive biases without causing an overcorrection of the Pi results. While the final ranking of the alternatives in this study did not change, the implemented debiasing techniques into the AHP tool are still able to correct the overweighted user weights, so the significant deviations in the underlying Pi scores to the expert weights are reduced, thereby improving the quality and performance of the tool and the results from applying this. This leads us to reject the two null hypotheses.
This study provided the case company with an objective input for their decision process on which filtration system to invest in and use. Here, the recommendation is to choose alternative A over B and C, given that this alternative fulfills the condition of having the best balance between economic gains and more environmentally sustainable production with the cooking water side stream.
Furthermore, this study suggests a new computational design for the debiasing technique for the Desirability of options bias. The current limitation of this study’s results is that this is a novel debiasing technique developed for the DYD method. We, therefore, emphasized the need for further testing and validation of this debiasing technique’s general applicability through its application and testing in other case studies or theoretical simulations.
Another potential limitation of the DYD method’s general applicability that needs further development is the bias identification from Action 3. We advocate for further development toward a more automated process that reduces the involvement of the conductor of analysis when identifying and determining the degree of cognitive biases. One promising approach to investigate for this is found in the work of Pandey and Jessica (2018). In that study, an Item Response theory approach is utilized together with a unidimensional graded response model to automate the analysis of a decision maker’s responses to a 14-item scale that measures eight specific predefined cognitive biases (Pandey and Jessica, 2018). Such an approach would be worth testing in the DYD framework, as it may provide a more automated process for bias identification during Action 3. Furthermore, there is a need for the development and testing of a new debiasing technique for the Loss aversion bias in the instances where the associated weight cannot be set to Wmax.
Given that this is the first real-world “in situ” case study with the debiasing method DYD, its general applicability still needs to be established through further case study applications that can enable statistical testing, which can either support or question the generic applicability of the method and its debiasing techniques (Runkel and McGrath, 1972).
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