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Abstract of Praxis

A Decision Support Scoring Tool for Optimal Selection of R&D Investments in
Mining and Metals Industry: A Hybrid Model of FAHP and MAUT

For decades, vast studies have been conducted to show empirical evidence that
Research and Development (R&D) investments lead to increased firm and market
performance, increased rate of returns and productivity. Optimizing selection of R&D
investments among different possible opportunities is crucial to maximize value but faces
challenges of subjectivity and uncertainty. Companies within the mining industry have
limited resources for R&D investments and traditionally relied on personal experience and
intuition for decision-making, which is prone to subjectivity and bias. Importantly, the
presence of uncertainty and a plethora of different options, criteria, and factors such as risk
preferences tend to create a tedious and complex process for selecting the most optimal

R&D investment option.

Multi-Criteria  Decision Analysis (MCDA) techniques have been introduced to
address such a challenge, yet the existing methods often focus on simplicity rather than
optimality. Therefore, this praxis aims to develop a hybrid model that combines Fuzzy
Analytical Hierarchy Process (FAHP) with Multi-Attribute Utility Theory (MAUT) as a
decision support scoring tool to help decision-makers achieve optimal results when faced

with diverse R&D investment opportunities and criteria.

The praxis used practical data from a report compiled by a private consulting firm
specialized in innovation in the mining and metals industry. The report consists of a large
number of R&D investment opportunities by various leading companies within the mining
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industry. It also provides a list of attributes associated with the opportunities and domain
experts’ views. The praxis analysed the data from the report. The statistical analysis was
performed through SPSS and MiniTab that involved a t-test, one-way ANOVA, Pearson
correlation, and regression analysis. FAHP and MAUT calculations were performed via
python programming and a sensitivity analysis was conducted to verify the validity of the

results.

The results demonstrate that the developed model can be utilized as a tool to
mitigate subjectivity and provide a more objective and reliable ranking over the long term.
It also highlights the interdependence between selected attributes and the context of
investment opportunities. Attributes alone are necessary but not sufficient to influence
rankings holistically. The model can heighten awareness among decision-makers in the
mining industry and beyond, instigating them to adopt this tool for their decision-making
processes. Ultimately, the praxis's findings shed light on the interplay between attributes
and investment contexts, emphasizing their interdependence. By adopting this model as a
tool, decision-makers can make better-informed and more optimal choices and enhance

their decision-making processes in the mining industry and other sectors.
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Chapter 1: Introduction

1.1 Background

One of the greatest and most persistent challenges managers, leaders and various
other decision makers have faced throughout time is making the most optimal decision
when faced with a problem or investment opportunity in order to maximize the value of
achieving a desired outcome. In addition to the myriad of obstacles that hinder decision
making, there are numerous options for investment project selection whereby the ideal state
is picking those that optimize the objectives of the decision maker and organization (Lopes

and Almeida, 2015).

Unfortunately, decision making is often not a straightforward path and is
encompassed by factors such as uncertainty, lack of information and subjectivity. Yet,
despite the considerable uncertainty, conflicting objectives and insufficient information
managers face, they are still constantly making decisions (Howard, 1988; Scheig et al.,
2007; Yassine et al., 2018). Long-term decision making necessitates deliberating on
uncertainty, particularly when it concerns technological advancements (Arendt etal., 2012;
Scheig et al., 2007). As such, “managers have a growing need to employ improved and
systematic decision processes that explicitly embody the firm’s objectives, desired goals

and resource constraints” (Lopes and Almeida, 2015: 132).

By its very own nature, Researchand Development (R&D) projects are categorized
as “high investment, high risk and high profits” (Wang, 2010: 02). Selecting the most
optimal research project is a prominent issue faced by numerous R&D departments across

industries since resources are limited and uncertainty high, especially concerning



technology. The key evaluation dimensions for any investment project consist of risk and
uncertainty level (Verbano and Nosella, 2010). On the one hand, decision makers tend to
particularly adopt qualitative over quantitative methods when making a decision since
significant uncertainty is inclined towards quick judgments that depend on habitual
behaviors or rules of thumb rather than conducting a more systematic approach (Hubbard,
2009; Howard, 1988). On the other hand, when non-qualitative assessment techniques are
adopted, they tend to overemphasize quantitative and economic analysis, thereby

overshadowing qualitative aspects in a formal selection process (Zandi and Tavana, 2010).

1.2 Background of Decision Making in the Mining Industry

Various researchers such as Jalalifar et al. (2009) and Safari and Nikkhah (2019)
describe the mining industry as one that has traditionally relied on characteristics such as
experience and intuition in making decisions since they often lack guantitative data and
have insufficient information. Hence, companies would include the judgement and
experience of experts to partake in decision making processes in selecting projects.
However, Safari and Nikkhah (2019) note that the majority of experts cannot avoid the

inevitable subjectivity to their judgements.

With the technological advancements that are rapidly occurring, and the greater
data being compiled, quantitative decision-making methods are becoming more popular
(Safari and Nikkhah, 2019; Ziemba et al., 2020). Thus, the mining industry is gradually
deviating from solely using expert judgement along with their personal experiences and
knowledge to a more systematic decision-making process. They do so by incorporating

models known as multi-criteria decision analysis (MCDA).



1.3 Purpose and Motivation of the Praxis Research

Despite the widespread use of MCDA techniques for decision making in the mining
industry, a systematic review conducted by Mahase et al. (2018) demonstrates that
researchers predominantly adopt hybrid models or solely utilize Analytical Hierarchy
Process (AHP). Importantly, they examined 150 relevant studies that utilized MCDA and
discovered that of the 81 projects that did use a hybrid model, not one research used a
combination of FAHP and MAUT. It was found that within the mining industry,
researchers tend to adopt AHP with PROMETHEE, AHP with TOPSIS, Fuzzy AHP and/or
with Fuzzy TOPSIS. Moreover, to our knowledge the more recent literature surrounding

the tools and their combinations are similar to that of Mahase etal.’s (2018) survey review.

Therefore, this researchwill introduce aunique approach to decision making within
the mining industry whilst simultaneously addressing and filling the gap in the literature.
It will do so developing a hybrid model that combines Fuzzy AHP with MAUT to generate
optimally desired results whilst simultaneously mitigating the inherent subjectivity that is
present in decision making. Furthermore, based on the elusive, risky nature of R&D
investment projects and the aforementioned characteristics of decision making within the
mining industry that is traditionally subject to “gut” feel and experience, this research also

seeks to solve the following problem statement:

Problem statement: R&D investments in the mining and metals industry are

predominantly subjectively selected which hinders optimal decision making.

The objective of this paper is to establish an approach to selecting the most optimal R&D
investment option using the FAHP-MAUT model for the final ranked results. In this

manner, the research statement to solve the problem presented is the following:
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Thesis statement: A specific decision support tool is required to reduce subjectivity and

optimize the selection of R&D investments in the mining industry.

Ultimately, in accomplishing the research objective, decision makers across different
companies and industries would be able to adopt the model developed in this paper as a

tool for selecting their most optimal R&D investment opportunities.

1.4 Praxis Organization

This researchwill address the problem statement by introducing a recently trending
method of decision making to the industry by combining FAHP with MAUT in order to
determine how to select an investment project most optimally. It will startwith a literature
review discussing the significance and link between R&D investments and firm
performance, innovation and MCDA in the mining industry, an overview of MAUT’s role
in project selection and decision making, and an overview of different models that have

traditionally been used in project selection.

Next, the theoretical framework will highlight the significance of the proposed
problem statement with the research questions this research intends to answer. It will do so
by introducing the underlying theories and purpose behind FAHP and MAUT, both
individually and as a hybrid. In doing so, we will illustrate how this paper’s hybrid model
is both theoretically and empirically a more ideal, objective process for decision makers.
Consequently, the methodology will include the data collection methods, how they were
analyzed and the methodological approach to FAHP and MAUT. The results section will
then showcase the correlation and regression results, the ranked order of highest to lowest
utility scores for each project yielded by the model and the sensitivity analysis that was

performed to test the validity of the data and reliability of the model.
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The paper will then transition to the discussion of the results, encompassing the
findings, significance and implications of this research. Subsequently, the strengths and
limitations will be discussed with future opportunities for research and development.
Finally, it will illustrate the contribution this researchhas on the existing literature, decision

makers and the mining industry.



Chapter 2: Literature Review

2.1 R&D, Investments and Firm Performance

For over five decades, there has been a general consensus formulated by researchers
that when a firm invests in R&D activities, it impacts performance and positively
influences its innovative abilities, consequently leading to improved productivity.
(Mansfield, 1962; Mansfield, 1980; Mansfield, 1986, Griliches, 1986; Leung and Sharma,
2021). Inaddition, studies acrossvarious industries such asthe chemical (Ahuja and Katila,
2001), computer (Hagedoorn and Duysters, 2002), pharmaceutical (Cardinal and Hatfield,
2000) and other industries (Peeters and de la Potterie, 2006) have been conducted to
illustrate the positive outcome of R&D mnvestments on a firm’s innovative performance by

measuring their levels of patenting activity.

The benefits to financial performance, market share growth and productivity from
a firm investing in R&D innovative activities are evident from the empirical studies
performed of SME firms in Greece (Salavou, 2002), manufacturing and service firms in
Australia (Prajogo, 2006), recently listed companies in Germany, France, Italy and the UK
(Filatotchev and Piesse, 2009), and IT and electronic firms in Taiwan (Yeh et al., 2010) to
name a few (Leung and Sharma, 2021). While R&D activities tend to have a negative
impact on short-term financial performance (i.e., profitability), it does have a positive

impact on long-term financial performance (i.e., firm value) (ibid).

Investment in Research and Development is fundamental and indispensable to a
firm’s long-term success and competitive sustainability (Goel and Nelson, 2022) to which

the innovation strategies of a firm are predominantly shaped by R&D investments



(O’Connell et al., 2022). Crucially, the current global competitive landscape necessitates
that firms execute successful R&D investments in order to not only purely survive but also
thrive (ibid). Nevertheless, R&D investment is naturally a high-risk principle with a long-
tern payoff scope (Oswald et al., 2021). On the other hand, the perceived risk associated
with R&D investment can be reduced when a firm is able to build a history of successful

R&D projects (O’Connell and O’Sullivan, 2016).

Empirical Evidence

O’Connell et al. (2022) are the first researchers to provide an empirical link
between the influence of R&D innovation success on R&D financing. From a sample of
UK and European Union firms, they demonstrate how R&D innovation success mitigates
the risks associated with R&D expenditure which consequently stimulates investors and
executives to increase their levels of financing and likelihood of investing in future R&D
projects. In addition, their findings are unique in that the results are derived from the
international accounting standard perspective of the manner in which firms finance their
investments through intangible assets. In other words, the measures utilized for assessing

R&D success by capitalizing on its expenditures are based on a legally binding evaluation.

Moreover, since the 1980°s vast research (Hirschey and Weygandt, 1985; Skinner,
1993; Agrawal and Knoeber, 1996) has been conducted in seeking the correlation between
R&D and the market value of a firm. Such studies are founded on the stock exchange
analysis approach. The evidence researchers have yielded consistently shows that R&D
expenditures positively and significantly correlate with the firm’s market value (Lantz and

Sahut, 2005).



Likewise, the same correlated outcome was found when other approaches such as
one based on heuristic models were used. For instance, when looking at the relationship
between R&D expenditure and a firm’s value from 390 Fortune 500 companies, Connolly
and Hirschey (1984) reveal a strong and positive correlation between the two variables.
However, it is important to note that the conclusions from the aforementioned studies are
also determined by and sensitive to the competitive landscape of the industry and the
economic situation of a country (Lantz and Sahut, 2005). Despite this, exploiting the
outcomes of research are more likely to guarantee a substantial turnover and improved

performance.

The wrreversibility of mtangible expenditure in R&D projects is a risk that firm’s
must be willing to take such that if it were to stop the project, the money invested cannot
necessarily be recovered (Lantz and Sahut, 2005). In addition, Ding and Stolowy (2003)
sampled 68 French firms from the SBF 250 index finding that companies which capitalized

their R&D expenditures tend to constitute a greater beta risk (ibid).

The accounting standards used by a firm considerably impacts the perception of its
performance to different stakeholders, especially investors. On the one hand, if R&D
expenditures are treated as expenses, the firm’s income notably decreases, thereby
deteriorating the margin ratio, shown in the income statement. On the other hand, if they

are capitalized, they will be treated as an asset in the balance sheet.

R&D and Performance

For decades past, various researchers (Cohen and Klepper, 1996; Griliches, 1998;

Sutton, 1998) have recorded a significant positive relationship between R&D and



productivity (Heshmati and Loof, 2008). A study conducted by Gharbi et al. (2014)
produced empirical results demonstrating that R&D investments generate value to firms.
When a firm invests in its R&D capabilities, it enhances its absorptive capacity (Martinez-
Sanchez et al., 2020). Consequently, an increase in absorptive capacity enables a firm to
learn from other firms more effectively which in turn can transcend into gaining a
competitive advantage through increased productivity and other performance indicators

such as market shares (Sun and Anwar, 2019; Cameron etal., 2005; Griffith etal., 2004).

Heshmati and Loof (2008) performed a firm-level empirical analysis to illustrate
the two-way causal relationship between investment and performance indicators. The
investment variables are measured through R&D and physical capital whilst performance
variables include profit, sales, value added, cash flow and capital structure. Their findings
reveal a significant and strong elasticity of productivity in human, physical and knowledge
capital to which “knowledge capital is defined as innovation output generated from R&D-

investments” (ibid: 268).

Empirical Evidence

Moreover, Sun and Anwar (2019) applied panel data from China’s iron ore mining
industry to assess the difference in performance between firms that conduct R&D and those
that do not. Their results reveal that the productivity and sales of firms that undertake R&D
activities are greater than firms that do not by an average of 0.3937% and 0.0253%,
respectively. Likewise, their findings illustrate thatwhen afirm attracts foreign investment,
profits and productivity increase. When firms seek to increase their competitiveness and

profits, they tend to invest more in R&D (Heshmati and Loof, 2008).



R&D Controversies

In an ever increasingly globalized and competitive economy, investment in
innovation has become increasingly important for the growth and performance of firms
and is a principal strategy for the survival of firms (Rocha et al, 2019). However,
throughout the literature, there is controversy and mixed results on the causal relationship
between R&D investment and firm performance since returns are not consistently positive
and are constituted by a high level of uncertainty (Rocha et al., 2019). To overcome the
observed pattern that while many firms may invest the same financial amount in R&D
activities, the rewards generated are notably different to every firm (ibid; Aghion et al.,
2004; Hall etal., 2013), other factors such as the internal efficiency of the firm must be
taken into account. Rocha et al. (2019) do so by measuring the impact of efficiency on the
relationship between investment on innovation R&D and firm performance and find that
higher returns are experienced by more efficient firms than their counterparts. Their results
are explained by the factthat firms that are very efficient tend to have greater investment
elasticity coefficients in regard to greater operating profit than firms that are less efficient.
Hence, with the same degree of R&D investment, efficient firms are capable of generating

higher profits than less efficient ones.

In addition, investing in R&D has been associated with innovation considering that
such a type of investment is deemed as an innovative activity (Acemoglu et al., 2006;
Andreassi and Sbragia, 2002; Rocha et al., 2019). Nevertheless, R&D investments carry
risks and opportunity costs which does not necessarily guarantee gains in performance. As
Teece (2009: 203) articulates “the business enterprise must do a lot more than simply

allocate large expenditures to R&D.” It is important to distinguish between basic and
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applied research. Whereas basic research involves advancing knowledge and creating new
fields of scientific endeavors, applied research emphasizes research already established
which attempts to advance the practical applications for the research (Rocha et al., 2019).
In this manner, basic research consists of a higher degree of risk and uncertainty compared

to the decision to invest in applied research (ibid, Arrow and Hurwicz, 1972).

A number of researchers (such as Coad and Rao, 2006; Coad, 2011) have shown
empirical evidence that innovation investments were more valuable to firms who are
market leaders rather than followers. By analyzing 800 firms over the course of nearly a
decade in the late 20t century, Morbey (1989) has shown that a strong positive correlation
exists between R&D expenditure and sales increase. Despite this, however, firms that
experienced greater profits did not incontrovertibly intensify R&D spending with the
increased revenue stream (Rocha et al., 2019). In a study conducted from 2005-2009 in a
sample of Spanish firms, Barge-Gil and Lopez (2014) sought to uncover the determinants
of R&D investment. They found that market share and the size of the firm are predominant
predictors to investment decision behaviors since such factors are reflective of qualities

that differentiate firms in varying technological positions.

2.2 Innovation in the Mining Industry

Innovation is commonly defined as improving technology and doing things in a
better way for either a product, process or service (Jarvenpaa and Valikangas, 2014; Horn
and Brem, 2013; Bogers, 2011). Over the past few decades, a variety of challenges within
the mining industry have emerged with an ever-growing demand for attention. For
instance, natural factors such as deeper deposits, decreasing ore grades and harder rock

mass in addition to a heightened importance placed on the environmental and social
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impacts of mining companies necessitate the need to alter the manner in which business is

conducted throughout the value chain (Sanchez and Hartlieb, 2020).

In addition, with the rise in demand for raw materials, the quality of ores has
declined, and a significant quantity of waste is produced as a by-product. This has led
mining companies to use energy-intensive technologies that subsequently further drives up
operating costs. It has been observed that in the early 2000s and particularly from 2005
onwards, major mining countries such as Chile, Australia, the USA and Canada endured a
sharp decline in their average labor productivity due to natural and market factors (ibid).
The mining industry is widely recognized amongst critics as a traditional and conservative
sector that is resistant to change in which innovation is not the very precedence of
companies. Nonetheless, many contend that the mining industry is one that can indeed be
likened to high-tech industries since it is adopts the application of avant-guard technologies
in its processes, progressive monitoring systems for collecting and analyzing colossal data
and sophisticated machinery to yield minerals at low costs (Sanchez and Hartlieb, 2020).
For instance, exploration utilizes remote sensing technologies, biomining or bioleaching

for low-grade sulfide matter and automated haul trucks (Bartos, 2007).

Hence, innovation is a crucial component to overcome such challenges by
improving the efficiency and sustainability of mining processes in order to gain a

competitive advantage over others whilst retaining their “license to operate”.

Moreover, the introduction of digitalization in the mining industry is not merely
changing what is being done but also how it is being done. Therefore, selecting the right
technologies to achieve organizational goals is a formidable role to the decision maker. A

myriad of examples exists within the literature demonstrating the augmented benefits
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mining companies generate when developing or adopting new technologies. Solvent
Extraction & Electrowinning (SX-EW), a hydrometallurgical production method,
significantly contributed to productivity growth of the U. S’s copper industry throughout

the last decades of the 20t century (Aydin and Tilton, 2000).

In addition, smelting processes have seen a reduction in energy consumption and
organizational expenditure (OpEx) with the development of flash and bottom blowing
furnaces (Sanchez and Hartlieb, 2020). Importantly, in recent years greater emphasis has
been placed on delivering safer, more sustainable and ecofriendly mining operations. This
has led to the adoption of automation processes and autonomous and semi-autonomous
(remote-controlled) equipment that extracts workers from hazardous activities (ibid,
Upstill and Hall, 2006). Furthermore, the success of Chile’s copper industry is
predominantly attributed to the quality of their deposits and increased labor productivity as
a consequence of the introduction and diffusion of new innovations and technologies

(Garcia etal., 2001).

The new challenges the mining industry is exposed to, along with the inevitable
decline in labor productivity calls for a need to develop “new capabilities in innovation
management to improve existing processes, [and] tap into the potential of new technologies
to improve efficiency along the industry value chain” (Upstill and Hall, 2006: 144). In
doing so, companies would be able to reap the benefits of technological innovation for the
exploration and delineation of new and higher-grade ore bodies, improved mining and

extraction methods, greater reliability and quality control in mineral processing (ibid).
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2.3 Overview of Multi-Criteria Decision Analysis

Multi-Criteria Decision Analysis (MCDA), also known as Multi-Criteria Decision
Method (MCDM), is a tool that attempts to handle information with different indicators in
a comprehensive manner. This is done by taking into account the interdependency and
interrelations that may exist amongst individual indicators, the varying degrees of
importance they might have and adopting different levels of aggregation (Cinelli et al.,
2014). In other words, MCDA enables optimal decision making when an individual is
presented with various of alternatives that consist of multiple criteria to be considered. A
number of approaches under MCDA exist to explicitly factor in multiple criteria in order
to facilitate a ranking, selecting and/or comparison of different alternatives such as
technologies, policies or products (Belton and Stewart, 2002). Researchers such as
Slowinski et al. (2002) and Greco et al. (2004) have generally grouped MCDA approaches
in distinguishing between three underlying theories: utility function, outranking relation
and sets of decision rules. In the 1970s Keeney and Raiffa (1976) introduced the utility-
based theory which integrates information into a unique parameter or performance
aggregation approach. It includes two different approaches: multi-attribute utility theory

(MAUT) and analytical hierarchy process (AHP).

Moreover, Bukhsh et al. (2018) stipulate that due to the extensive variation in
MCDA methods and the vast area of its application, choosing the appropriate MCDA
methodology is an arduous task. They conducted a study utilizing two synthesis-based
methods; AHP and MAUT, and an outranking method; ELECTREIII, on a decision-
making problem to evaluate each of them for their scalability, risk consideration, ease of

use and other factors as well. Their findings reveal that a computerized tool is necessary

14



otherwise the decision-making task is extremely tedious. AHP and MAUT both require
converting the data to a definite scale for analysis, into Saaty scale of comparison and to
utility functions respectively. The researcher’s overall conclusion is that the use of such

tools can provide precise, documented and beneficial data to the decision maker.

2.4 MCDA inthe Mining Industry

The environment within the mining industry is defined by an assortment of
stakeholders with multifarious objectives (Mahase et al., 2016). Consequently, applying
MCDA techniques is a highly beneficial approach for optimal decision-making in such

conditions.

A review of the literature demonstrates that MCDA applications have had
increasing use in mining operations from drilling technology investment analysis, mine
planning risk assessment and ground support design (Kazakidis et al., 2004) to excavation
(Bottero and Pelia, 2005), locating areas for alumina plant development (Ataei, 2005) and
selecting the best mining method depending on deposit shapes and ore bodies (Alpay and

Yavuz, 2009).

For instance, Jalalifar etal. (2009) conducted a study within the mining sector to examine
how MCDA tools can facilitate an engineer’s optimal decision when presented with
various options for rock bolt system designs. The researchers applied AHP, one of the two
utility-based approaches, to determine which of their 8 alternatives was best. Their findings
reveal that when faced with complex decision-making problems, MCDA methods enable
engineers to effectively evaluate each of their options for the maximum value to be gained

when compared to others.
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Interestingly, despite a large variety of models that exist within MCDA, the
literature within the mining industry shows a predominant utilization of AHP, the Fuzzy
method (Zadeh, 1965), TOPSIS (Hwang and Yoon, 1981) and most frequently, AHP in
conjunction with one or more methods. The widespread popularity of AHP can be
attributed to its simplicity of use by enabling the decision maker to make pairwise
comparisons between alternatives through their own judgements. In this manner, AHP is a

method to document one’s intuition and “gut feel”.

However, some methods become inefficient or inaccurate as the number of
alternatives and criteria increases (Mahase et al., 2016). Thus, combining AHP with the
fuzzy method or TOPSIS is often adopted in order to increase confidence in results and
make up for the limitations within one tool (ibid). Despite this, Wang (2010) contends that
the commonly chosen decision-making methods tend to overlook the risk propensity of the
decision maker and the sensitivity of ranking results. By dismissing uncertainty and its
associated risks, the decision-making process is reduced to a simplicity that may devalue
the quality of the decision (Safari and Nikkhah, 2019). Of all the MCDA tools that are
available, MAUT is the only model that takes into account the risk attitude of the decision

maker (Liubchenko, 2020).

Therefore, this paper seeks to address a prominent gap in literature. As
aforementioned, it will do so by examining how a hybrid model combining FAHP with
MAUT can be utilized as a tool for decision makers to optimize desired results whilst

mitigating the inherent subjectivity that influences such processes.
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2.5 Multi-Attribute Utility Theory, Project Selection and Decision Making

Multi attribute utility theory requires identifying the utility function and weights
for every attribute of an alternative option to then be constructed into a unique cohesive
criterion (Keeney and Raiffa, 1993; Dyer, 2005). According to Fahrni and Spating (1990),
MAUT is useful for decision makers who want to be informed of the interdependencies
between projects, have multiple objectives/evaluation criteria, risk preferences and face
significant uncertainty. Other aspects of this model for project selection and resource
allocation recognizes and incorporates the knowledge and experience of R&D managers

and has the capability to include non-monetary criteria (Chien, 2002).

Both AHP and MAUT fall under the decision analysis criteria and while AHP is
the more widely used model in portfolio optimization, it does not factor in strategic
coherence of the entire portfolio or project interrelationships and depends on intuitive,
consensus building techniques (Verbano and Nosella, 2010; Alidi, 1996). On the other
hand, MAUT takes into account the aforementioned factors yet it is also recognized for its
complex application and time consumption (Fahrni and Spring, 1990; Verbano and

Nosella, 2010).

The monetary and qualitative aspects of a project are assessed in MAUT by
determining a set of attributes that are evaluated on a utility scale (\VVerbano and Nosella,
2010). This is done by assigning a utility function to the attributes (i.e., criteria). The utility
function of each attribute is calculated by assigning individual scores to the attributes of
alternative options which are used to evaluate the overall project utility on the basis of each
one (Verbano and Nosella, 2010). In doing so, whether an attribute is qualitative or

quantitative, it is mathematically transformed into a utility value in a standardized scale.
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In this manner, a predominant characteristic of this method is its capability to break
down a complex problem into a group of sub-problems to be individually solved in relation
to multiple objectives and different units of measurement (ibid). Furthermore, Bard and
Feinberg (1989) assert that MAUT provides a helpful basis to identify technologies that
most satisfy the decision maker’s objectives and preference for risk. They emphasize that
identification is merely the first step in the process. In seeking a specific technology, the
researchers explain that budgets must be specified, research programs defined, individual

projects selected, and resources allocated.

As aforementioned, the MAUT model has been shown to facilitate logical decision
making across industries when conflicting objectives are present in selecting a project or
product (Velasquez etal., 2013). This is due to the axiomatic structure of the MAUT model
which has become the preferred choice in decision making for those who seek to include
their risk propensity and tackle problems that consist of uncertainty (Lopes and Almeida,
2015). The utility function of the MAUT model enables a consistent and uniform measure
of evaluation throughout a broad range of project portfolios whilst providing the decision
maker with guidance (ibid). In addition to including the risk propensity of the decision
maker, a unique feature of MAUT is that it takes into consideration their preference
structure related to the attributes that are considered (ibid). In a series of case studies and
experiments comparing the results between the two utility-based models, Arias-Cabarcos
et al. (2018) reveal that MAUT is not only always significantly faster than AHP but also

more efficient.
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2.6 Overview of Different Models in Project Selection

The literature on project selection consists of over hundreds of different models
such as portfolio, economic, scoring methods and decision analysis (Zandi and Tavana,
2010). Economic methods are used to calculate the profits of each project through financial
models (Graves and Ringuest, 1991; Mehrez, 1988) while scoring methods generate an
overall score for every project by using algebraic formulas (Moore and Baker, 1969;
Cooper, 1992; Osawa and Murakami, 2002; Osawa, 2003). Portfolio methods assess all of
the projects available to determine the most appealing subset from the overall set (Cooper
etal., 1999; Girotra et al., 2007; Lootsma et al., 1990; Wang and Hwang, 2007). A more
precise form of portfolio analysis known as cluster analysis that organizes projects into
groups depending on the strategic positioning of the organization (Mathieu and Gibson,

1993).

When the expected value of different projects is compared and used to make a
decision, decision-analysis models are utilized (Hazelrigg and Huband, 1985; Thomas,
1985). In particular, simulation is a type of decision analysis model that employs random
numbers and a simulation to generate a significant number of problems to consequently
select the best outcome (Abacoumkin and Ballis, 2004; Praisittanand and Olson, 2006). A
vast number of researchers (Coffin and Taylor, 1996; Osawaand Murakami, 2002; Osawa,
2003; Girotra etal., 2007; Wang and Hwang., 2007) have used most of the aforementioned
models to asses R&D projects (Zandi and Tavana, 2010) while other researchers
(Santhanam and Kyparisis, 1995; Paisittanand and Olson, 2006; Mojsilovi et al., 2007)
have used them for information systems projects or capital budgeting projects (Mehrez,

1988; Graves and Ringuest, 1991).
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2.7 BriefDescriptions of AHP, Outranking Relation Theory and Decision Rule
Theory

Saaty (1980) introduced the analytical hierarchy process (AHP) as the first
performance aggregation-based approach in order to evaluate tangible and intangible
criteria in relative terms through an absolute scale. The first step of the process involves
identifying a set of choices, known as alternatives, and a value tree or hierarchy evaluation
criteria. Consequently, the alternatives performance on criteria (known as scoring) and the
weighting of each criterion are evaluated by a pairwise comparison (Belton and Stewart,
2002). Each of the alternatives/weights are compared through the criteria by asking the
decision maker about his preference on a scale from 1-9 in which 1 signals an equal
preference and 9 as absolute preference (Saaty, 1980, 2005). Based on the output of the
previous step, the comparisons are expressed as ratios and put into a matrix which is then
reduced to a set of scores that represents the relative importance for each wight and
performance of alternatives (Belton and Stewart, 2002). Once this step is completed, the
overall performance of the alternative can be calculated by a linear additive model (Saaty,
2005) and the final output is a value between0 and 1 to which the wights are indicative of

the trade-offs between the criteria (Belton and Stewart, 2002).

The outranking relation theory, also known as preference aggregation approach,
involves comparing between pairs of choices to confirm whether “alternative a is at least
as good as alternative b” (Roy, 1991). Elimination and choice expressing the reality
(ELECTRE) and preference ranking organization method for enrichment of evaluations

(PROMETHEE) are two approaches to this theory.
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The decision rule theory is derived from the artificial intelligence domain that
facilitates the establishment of a preference model through classifications or comparison
decision examples (Cinelli et al, 2014; Greco et al., 2001). This theory includes the

dominance based rough set approach (DRSA).

2.9 Summary of Literature Review

Investment in R&D is crucial for a firm's long-term success and competitive
sustainability (Goel and Nelson, 2022). In today's highly competitive global landscape,
successful R&D investments are essential for both survival and growth (ibid). However,
R&D investment carries inherent risks and has a long-term payoff scope (Oswald et al.,
2021). Inthe mining industry, challenges have become more complex and interconnected
than ever before. To navigate this intricate landscape, decision-makers are turning to
systematic approaches that can help them make optimal choices among a myriad of

alternatives.

MCDA is a powerful tool for intelligent decision-making when faced with multiple
criteria and options (Belton and Stewart, 2002). The mining industry, with its diverse
stakeholders and competing objectives, greatly benefits from MCDA techniques (Mahase
et al., 2016). One popular method is AHP, which allows decision-makers to compare
alternatives based on their own judgments. However, when the number of alternatives and
criteria increases, the efficiency and accuracy of some methods decline, leading to the
adoption of combinations like AHP with the fuzzy method or TOPSIS (Mahase et al.,
2016). Despite this, such a combination of tools has been shown to lack essential aspects
to decision makers such as risk preferences, uncertainty and handling a large dataset. Yet,

MAUT is the only MCDA model that can address such aspects (Liubchenko, 2020).

21



MAUT involves identifying the utility function and weights for each attribute of an
alternative option, incorporating risk preferences, and addressing significant uncertainty
(Fahrni and Spating, 1990). The model is suitable for decision-makers facing conflicting
objectives, seeking to wunderstand the interdependencies between projects, and
incorporating non-monetary criteria (Chien, 2002). MAUT empowers decision-makers to
make logical choices, ensuring a consistent evaluation measure across diverse project
portfolios while considering their own risk appetite and preference structure (Velasquez et

al., 2013).

Inaworld where innovation and smart decision-making are key to survival, optimal
R&D investment selection and the application of advanced techniques like MAUT can be
the key that distinguishes successful companies from the rest. Therefore, in the following
sections, this paper will advocate for a specific approach to decision making within the
mining industry whilst simultaneously addressing and filling the gap in the literature. It
will do so developing a hybrid model that combines Fuzzy AHP with MAUT to generate
optimally desired results whilst simultaneously mitigating the inherent subjectivity that is

present in decision making.
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Chapter 3: Theoretical Framework

3.1 Introduction

This section will begin by introducing the problem and research statements along
with the research objective in order to develop the hypothesis presented in this paper. It
will then provide an overview of the research approach undertaken in this paper. The
overview will encompass the steps and processes of both FAHP and MAUT. It will also
address the relevance of FAHP in this study and the merits of adopting MAUT to
developing a hybrid model for decision makers to use, even when faced with new and
changing future opportunities. Finally, it will provide a detailed step-by-step guide for both
tools and the manner in which the researcher implemented both models. Ultimately, the
sections proceeding the theoretical framework development would facilitate a better
understanding of how this paper canaddress the problem statement and the hypothesis for

practical adoption.

3.2 Theoretical Framework Development

Problem statement: R&D investments in the mining and metals industry are
predominantly subjectively selected which hinders optimal decision making.

Research objective: To establish an approach to selecting the most optimal R&D
investment option using the MAUT model for the final ranked results.

Thesis statement: A specific decision support tool is required to reduce subjectivity and
optimize the selection of R&D investments in the mining industry.

Research Questions and their corresponding hypothesis are as follows:
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Q1: What factors are significant within the Mining and Metals Industry to enable effective
decision making in R&D investment?

Hypothesis 1: Specific attributes can be chosen to determine the most important aspects
of R&D investment for optimal decision making.

Q2: Can we reduce subjectivity in weights to help optimize making the decision to select
R&D investment in mining and metals?

Hypothesis 2: By applying Fuzzy AHP, subjectivity in weight assignment can be
mitigated, thereby increasing objectivity in the process.

Q3: Can a decision support tool be developed to rank and select R&D investments in
mining and metals?

Hypothesis 3: By applying the MAUT model, a decision maker would be provided with a
ranked list of the most optimal alternatives based on the highest utility scores.

The summary of the questions and the hypothesis is summarized in the figure 1 below.

Figure 1: Hypothesis

Research questions J
Q1. What are the significant factors within metals Hypothesis 1: Specific attributes can be chosen
and mining Industry that can enable effective to determine the most important aspects of R&D
decision making in R&D investment? mvestment for optimal decision making.
L J
4 . . N Hypothesis 2: By applying Fuzzy AHP, Hvbrid FAHP
Q2. Can we reduce subjectivity in weights to help o . . e : Y
L. .. : subjectivity m weight assignment can be
optimize decision making to select R&D P : Lo MAUT
investment in metals and minine industry? mitigated, thereby increasing objectivity in the
2 ¥ ) process. approach

Q3. Can a decision support tool be developed to
rank and select R&D investments in mining and
metals?

Hypothesis 3: By applying the MAUT model, a
decision maker would be provided with a ranked
list of the most optimal alternatives based on the
highest utility scores.
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3.3 Praxis Research Approach

Overview

As aforementioned in the literature review, multi-attribute utility theory (MAUT)
is a decision-making framework that helps to evaluate and compare multiple alternatives
based on multiple criteria or attributes (Campos et al., 2020). It provides a systematic
approach to decision-making processes by considering the preferencesof a company, or an
organization, to quantify the quantitative or qualitative value associated with each

alternative being considered.

In MAUT, decision problems are approached by breaking them down into a set of
attributes or criteria that are relevant to the decision being analyzed. These attributes should
represent the different factors that need to be considered when evaluating the alternatives.
Examples of attributes could include economic (such as cost, time, revenue, profit),
environmental (such as carbon emissions, discharge, noise), social (such as safety, health,
sustainability), and, strategic (such as risk, supply), and Innovation enabling attributes

(such as (simplification, automation, digital transformation, artificial intelligence,)

MAUT recognizes that any given organization has different preferences and
priorities for these attributes. To capture these preferences, the organization assigns
weights to each attribute, indicating their relative importance or priority. The weights
reflect the company’s qualitative or quantitative value and can be determined through
various methods, such as direct rating, pairwise comparison, or analytic hierarchy process
(AHP). To ensure comparability across different attributes, the scores are often normalized

by transforming them onto a common scale. Normalization eliminates biases arising from
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differences in measurement scales and allows for meaningful comparisons between

alternatives.

After normalization, the weights assigned to each attribute are applied to the
corresponding normalized scores. This results in weighted scores for each attribute,
reflecting the relative importance of each attribute to the company. By summing up the
weighted scores across all attributes, the overall value of each alternative is calculated.
Based on the calculated value for each project, the alternatives can be ranked from highest
to lowest value. The alternative with the highest utility score is considered the best choice

according to the organization’s priorities.

Fuzzy Analytical Hierarchy Process (FAHP)

In the realm of decision-making, especially in complex scenarios involving
multiple criteria, the Fuzzy Analytic Hierarchy Process (FAHP) has emerged as a powerful
methodology. FAHP combines the principles of the Analytic Hierarchy Process (AHP)

with fuzzy logic to handle uncertainty and imprecision in the decision-making process.

The Role of Fuzzy Mathematics in Addressing Uncertainty and Subjectivity

Fuzzy mathematics emerges as a powerful solution to address uncertainty in
decision-making environments. It encompasses various approaches, such as randomness
and fuzzy theory, evidential reasoning algorithm and fuzzy set theory, fuzzy AHP
combined with MAUT, and variable fuzzy sets model combined with fuzzy AHP. Fuzzy
mathematics accommodates uncertain data and ambiguous decision-making scenarios by
utilizing fuzzy numbers, which can represent imprecise values and capture the uncertainty

inherent in human perceptions.
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The Relevance of FAHP in this Study

The Fuzzy AHP method is applied in the absence of an objective/absolute value-
based decision matrix. In FAHP, we make use of pairwise comparisons performed between
various criteria which is done by the Experts and hence its subjective element. In this case,
the researcher made use of the direct weightages that were given to the criteria and derived
fuzzy based pairwise comparison matrix. To overcome the limitations of traditional AHP
of expert’s biasedness, to improve consistency given the experts weightage, and leverage

the benefits of fuzzy mathematics, the integration of FAHP is proposed in the current study.

FAHP is particularly effective in structured hierarchy decision situations and multi-
attribute analysis. It enhances the weighting process by incorporating fuzzy numbers,

which can capture the uncertainty associated with human preferences.

Merits of MAUT

MAUT offers a flexible framework that accommodates different decision contexts
and allows for sensitivity analysis. Sensitivity analysis involves exploring the effects of
changes in attribute weights or scores on the rankings of the alternatives. This analysis
helps organizations understand the robustness of their decisions and identify critical factors

that significantly influence the outcomes Dyer (2005).

MAUT establishes a framework for undertaking optimal decisions based on making
objective trade-offs. Often times, decisions consist of multiple objectives that can be
complicated to quantitively compare against one another. To overcome this obstacle, a
utility function is assigned to each of the objectives to create a suitable multiple-objective

utility function that would identify trade-offs and consistently compare the various
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objectives. Von Neumann and Morgenstern (1947) developed the foundations of utility
theory and its quantitative axiomatic structures, consequently laying the groundwork for a
normative decision theory on how people should make decisions. The concepts underlying

normative decision theories become more practical through the MAUT process.

While the MAUT method adopts utility maximization to determine the normative action,
the difference lies in the subjective utility gathered through an elicitation process
(Kailiponi, 2010). The qualitative part of the MAUT process is significant and important
since it allows for the verification of the normative axioms and assessment of the utility
functions. In addition, it is particularly useful at times when large historical data is not
available and in the presence of multiple conflicting attributes (ibid). The researcher is also

given greater flexibility when modelling the utility function (Bell et al., 1988).

The main advantage of utilizing the MAUT method is its ability to reduce different
units of measurements to equal units of utility in which comparisons such as apples-to-
oranges can be done (Ishizaka and Nemery, 2013; Linkov and Steevens, 2008). The
axiomatic structure of MAUT authenticates that outcomes do not breach logical,
mathematical rules (Kailiponi, 2010). If properly performed, MAUT can be a source of a
richly thorough and comprehensive MCDM approach. The purpose of MAUT is to identify
the utility of a set of alternatives by assigning an individual weight to a set of attributes that

corresponds to every attribute’s relative importance (Dyer et al., 1992).

Moreover, it enables the overall utility of alternatives to be broken down to a
number of preference-related attributes (Von Winterfeldt and Edwards, 1986). The utility
function is an expression of the decision maker’s preferences amongst the alternative

solutions of a problem. It allocates numbers to represent the degree of desirability for the
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expected value of an outcome to which the higher the number, the greater the desirability.
As such, a MAUT analysis comprises of comparing the given weights of various attributes

to measure the different alternatives (Dyer, 2005).

The monetary and qualitative aspects of a project are assessed in MAUT by
determining a set of attributes that are evaluated on a utility scale (Verbano and Nosella,
2010). This is done by assigning a utility function to the attributes (i.e., criteria). The utility
function of each attribute is calculated by assigning individual scores to the attributes of
alternative options which are used to evaluate the overall project utility based on each one
(Verbano and Nosella, 2010). Indoing so, whether an attribute is qualitative or quantitative,

it is mathematically transformed into a utility value in a standardized scale.

MAUT can be used as a continuous improvement tool within the mining industry.
By regularly reviewing and updating the selection criteria and weights, companies can
adapt to changing market conditions, technological advancements, and evolving
stakeholder expectations. MAUT provides a flexible framework that allows for iterative
decision-making, ensuring that the innovation selection process remains relevant and

effective over time (Campos et al., 2020).

3.4 The FAHP and MAUT Hybrid Approach

Analytical Hierarchy Process (AHP): The Analytic Hierarchy Process (AHP) is a
decision-making technique designed to solve problems by breaking them down into smaller
sub-problems, organizing them into a hierarchical structure, and then evaluating and
prioritizing them (Saaty,1990). However, AHP has been subject to criticism since it
employs an unbalanced scale of judgements and is unable to handle imprecision and

uncertainty in the pairwise comparison process. The main input for the AHP method is the
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expert's perception or opinion, which introduces subjectivity into the decision-making

process.

Fuzzy AHP: The inability of AHP to deal with imprecision and subjectivity in the
judgements given by the decision maker is solved using fuzzy AHP. Therefore, Fuzzy AHP
can be defined asa multi-criteria technique that utilizes a range of values (instead of “crisp”
values) to incorporate the uncertainty of the decision maker into the process. In this case,
there exists an element of subjectivity in the weights (as would be the case if AHP or any
weighting process were performed). The process to develop FAHP begins with the pairwise
comparison matrix. Next, a consistency check is performed to check the consistency of
weight allocation by the experts. The consistency check informs the researcher of the
validity of the data from an early stage of the analysis. The consistency check should be
less than 0.10 to be considered valid. Utilizing FAHP over AHP provides the following

major advantages:

a. Reduction of the personal bias: Replacing crisp values with fuzzy sets is the
fundamental difference between fuzzy AHP and AHP. This is followed by a
pairwise comparison and a consistency check of the data to ensure that values
allocated by the expert/s are consistent in nature. Thus, to better understand how
this personal bias is reduced the step wise process of FAHP is explained herein:

Step 1: Crisp values converted into a fuzzy matrix that is crisp values are
converted into a range also known as triangulation.
Step 2: The triangulated data matrix is then fuzzified which is in simple

words is an average of each column of the triangulated data matrix.
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Step 3: The weights are then de-fuzzified by taking the mean of the each
row of the triangulated matrix
Step 4: In the last step the de-fuzzified weights are normalized. These

normalized weights are outcome of the FAHP.

Figure 2: FAHP
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Thus, the entire process of FAHP is structured, methodical, and follows a standard
process of calculation. Evidently, there is no human intervention except at the input stage
for the crisp values. On the other hand, at every stage in AHP there is an influence of the
decision maker whether to break the problem into a sub-problem or perform pairwise
comparison. This is a notable point in consideration of the use of AHP versus the use of
FAHP.

It may also be noted that the AHP demands a decision maker to understand the

pairwise comparison process, which often may not be the case. Fuzzy AHP, alternatively,
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requires only the crisp values from the experts and the rest of the exercise is performed by
an expert of FAHP application, consequently reducing the dependence solely on the
experts.

MAUT in conjunction with FAHP

Traditionally, combining AHP with the fuzzy method or TOPSIS is often adopted
in order to increase confidence in results and make up for the limitations within one tool.
Despite this, Wang (2010) contends that the commonly chosen decision-making methods
tend to overlook the risk propensity of the decision maker and the sensitivity of ranking
results. By dismissing uncertainty and its associated risks, the decision-making process is
reduced to a simplicity that may devalue the quality of the decision (Safari and Nikkhah,
2019). However, of all the MCDA tools that are available, MAUT is the only model that

takes into account the risk attitude of the decision maker (Liubchenko, 2020).

The researcher has chosen to adopt the MAUT model to generate a ranking through
utility scores for a variety of reasons. As aforementioned, its capability to consider risk
preference and uncertainty make it especially important and appealing considering the
elusive nature of the mining industry. Unlike TOPSIS, MAUT allows for a sensitivity
analysis to be performed in testing the reliability, validity and durability of the utility

Scores.
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Chapter 4: Methodology

4.1 Data Collection

The data utilized in this paper was retrieved from a private report established by a
consulting firm that operates in the mining industry (Appendix A). Itincluded anextensive
list of a diverse set of projects (225) and the most significant attributes (16) which included
their weightages. The report is constituted by answers from 25 experts from various major
Metals and Mining companies. For the sake of relevance and validity, the projects were
narrowed down to 140 opportunities to be analyzed after data quality exercise to maintain
completeness as the remaining opportunities did not have enough data for the needed
attributes. The list of attributes had been narrowed down to 8 to suit the scope of this praxis
paper and ensure that all data is consistent with the objectives of the paper that requires
availability of data for techniques’ calculations and results. The attributes that had data for
the 140 opportunities are IRR, technical feasibility, uniqueness of R&D, reputational risk,
market and business risk, regulatory risk and market factors. The other attributes that
experts pointed out are good to consider but did not have data for techniques’ calculations
in this paper are ESG, collaborations, portfolio management, market demand, resource

availability, 1P / patent / licensing opportunities, and project timeline.

4.2 FAHP

Application of FAHP in the Praxis

The Fuzzy Analytic Hierarchy Process (FAHP) offers an effective and systematic

approach to address the challenges posed by multi-criteria decision-making scenarios. By
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integrating fuzzy logic into the AHP framework, FAHP accommodates uncertainty and
imprecision, crucial in real-world decision contexts. Through the steps of pairwise
comparison, fuzzy normalization, aggregation, weight calculation, defuzzification, and
consistency analysis, FAHP ensures a robust estimation of attribute weights. Applied to
this paper’s eight attributes - IRR, Technical Feasibility, Uniqueness of R&D, Reputational
Risk, Market and Business Risk, Scalability, Regulatory Risk, and Market Factors - FAHP
enhances the decision-making process by providing nuanced insights into the significance
of each criterion. As organizations continue to grapple with complex decisions, FAHP

stands as a valuable methodology for informed and balanced choices.

Understanding FAHP Methodology

Step 1: Problem Definition and Criteria Identification The first step involves defining
the decision problem and identifying the relevant criteria. In this case, we have the eight
aforementioned attributes that are crucial for evaluating a project's viability and potential:
IRR, Technical Feasibility, Uniqueness of R&D, Reputational Risk, Market and Business

Risk, Scalability, Regulatory Risk, and Market Factors.

Step 2: Pairwise Comparison In this step, pairwise comparisons are made between
criteria to determine their relative importance. The traditional AHP employs crisp values
for comparisons, but FAHP extends this to fuzzy values to account for ambiguity and

imprecision.

Step 3: Fuzzy Normalization To ensure that the fuzzy comparison matrices are consistent,
fuzzy normalization techniques are applied. This step adjusts the fuzzy comparison values

to maintain the coherence of the decision matrix.
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Step 4: Aggregation of Comparison Matrices Aggregating the fuzzy comparison
matrices leads to the construction of the fuzzy comprehensive judgment matrix. This matrix

represents the overall comparison of criteria and their relative importance.

Step 5: Weight Calculation Fuzzy eigenvalues and eigenvectors are computed from the
comprehensive judgment matrix to derive the fuzzy weights of the criteria. These fuzzy

weights capture the uncertainty inherent in the decision process.

Step 6: Defuzzification The fuzzy weights obtained from the previous step are defuzzied
to yield crisp weights. This is typically achieved by calculating the centroid of the fuzzy

weight’s distribution.

Step 7: Consistency Analysis Consistency is checked to ensure the robustness of the
derived weights. Fuzzy consistency indices are calculated and compared to predefined

thresholds.

Figure 3: FAHP methodology
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Calculation Process of FAHP

FAHP involves a series of steps to calculate the weights of assessment factors,
incorporating fuzzy numbers to account for uncertainty. Here's a detailed explanation of

the calculation process along with equations:

Step 1: Establishing the Hierarchical Structure

A hierarchical structure is created to organize the assessment factors. The hierarchy

typically includes three levels: the target level (conflicts in land expropriation), the criterion

level (aspects to evaluate), and the factor level (specific factors within each aspect).

Step 2: Constructing the Fuzzy Judgment Matrix

A fuzzy judgment matrix is formed using expert opinions obtained through a questionnaire.
Triangular fuzzy numbers are assigned to each element of the matrix based on the experts'
responses. The triangular fuzzy number is represented as P = (I, n, m), where 1 is the

minimal value, p is the most likely value, and m is the maximum value.

Step 3: Calculating Eigenvalues and Eigenvectors

The eigenvalue method is applied to calculate the eigenvalues and eigenvectors of the fuzzy
judgment matrix. This process helps determine the relative importance of each factor

within a specific layer.

Step 4: Consistency Test

To ensure the consistency of the judgment matrix, the consistency ratio (CR) is calculated

using the formula CR =CI /RI. Here, CI represents the consistency indicator, and Rl is the
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random consistency index. If CR is below a certain threshold (e.g., 0.1), the matrix is

considered consistent.

Step 5: Hierarchical Population Ordering

This step involves normalizing the matrices to obtain weighted values for each factor
within each layer. The normalized values are then used to calculate the synthesized weights

of each factor.

Step 6: Synthesizing Weights for Ranking

The synthesized weights of each factor are combined to create a ranking of the assessment
factors. This ranking reflects the relative importance of factors in influencing the conflicts

in land expropriation.

Figure 4: FAHP steps

~
/ Establish N\
/ > Hierarchical \\_
/ \
/ structure \
[ l \

’ Construct Fuzzy judgement matrix ‘

1

Derive Eigen vector and Eigen value for fuzzy
weights calculation

I

Consistency
check <0.10

_’

!

Defuzzification of the judgement matrix

|

‘ Synthesizing the weights ‘ |

37



Figure 5: Triangular Fuzzy Number Design
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Triangular fuzzy number is denoted as P = (I, u, m), where
=0(forX <L)
= (X-L)/ (M-L) (forL< X< M)

ux)

= (U-X)(U-M) (forM= X < U)

=0 (forX=U) j

Calculating the Greatest Eigenvalue of the Judgment Matrix:

Amax = Zi=1n(AW)inWi
Consistency Test:

CR=CI/RI

4.3 Justifying use ofthe Normalization method

Normalization is critical in Multi Attribute Utility Theory (MAUT) (Dyer, 2016)
to ensure that the different attributes or criteria used in the decision-making process are
measured on a consistent scale. MAUT is a decision analysis technique that involves
evaluating and comparing alternatives based on multiple criteria or attributes. Each
attribute is assigned a weight, and the alternatives are scored based on their performance

on these attributes.

Normalization is important for several reasons (Theetranont etal., 2007):
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1. Consistency in Measurement: The attributes used in decision-making often have
different units or scales. Normalization brings these attributes to a common scale,
allowing for a fair and consistent comparison. Without normalization, attributes
with larger numerical values may dominate the decision process, even if they are

not inherently more important.

2. Weighting Accuracy: In MAUT, each attribute is assigned a weight reflecting its
importance in the decision. Normalizing the attributes ensures that the weights
accurately represent the decision-maker's preferences, as the weights are often
assigned based on relative importance. If attributes are not normalized, the weights

may be skewed by the scale of the attributes.

3. Elimination of Dimensionality: Normalization reduces the dimensionality of the
data, making it easier to analyze and interpret. It simplifies the decision-making

process by transforming the original data into a standardized form.

4. Robustness of Analysis: Normalization makes the decision analysis more robust
and less sensitive to changes in the units or scales of the attributes. This is important
because decision-making should ideally be based on the underlying preferencesand

relationships between attributes, rather than arbitrary numerical scales.

5. Comparability of Alternatives: Normalization ensures that different alternatives
can be compared directly. Without normalization, the comparison might be

distorted, leading to potentially inaccurate conclusions about the best alternative.

In summary, normalization in MAUT is a crucial step to ensure that the decision-

making process is fair, consistent, and accurately reflects the decision-maker's preferences.
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It allows for a meaningful comparison of alternatives and enhances the reliability of the

decision analysis.

4.4 Reasoning behind not adopting multiple utility functions

In Multi-Attribute Utility Theory (MAUT), the goal is to combine multiple criteria or
attributes into a single utility function that represents the decision-maker's overall
preferences. While it might be theoretically possible to use multiple utility functions for
each criterion, doing so would complicate the decision-making process and introduce
challenges that can undermine the advantages of using MAUT [3]. Here are some reasons

why it's not typically done:

1. Complexity and Inconsistency: Introducing multiple utility functions for each
criterion increases the complexity of the decision model. It becomes challenging to
manage and interpret the interactions between the various utility functions.
Moreover, it can lead to inconsistencies in the decision model, as different utility
functions may not be compatible with each other (Von Winterfeldt and Fischer,
1975).

2. Difficulty in Aggregation: The essence of MAUT is to aggregate the individual
utilities for each attribute into an overall utility function. Introducing multiple
utility functions makes the aggregation process more complicated, requiring
additional methods to reconcile the diverse utility structures.

3. Weighting Issues: Assigning weights to multiple utility functions for eachcriterion
becomes a challenging task. The weights are intended to represent the relative

importance of each criterion in the decision process. With multiple utility functions
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per criterion, determining the appropriate weights for each function becomes
subjective and may lack a clear rationale.

4. Interpretability: MAUT is often used not only for decision-making but also for
communicating the decision rationale to stakeholders. Using a single utility
function provides a clear and interpretable representation of the decision-maker's
preferences. Multiple utility functions could make it more difficult to explain and
justify the decision to others.

5. Data Requirements: Estimating multiple utility functions for each criterion would
likely require a significant amount of data and information, making the decision
model more data intensive. This might be impractical or infeasible in many real-

world decision scenarios.

In summary, while it is theoretically possible to use multiple utility functions for each
criterion in MAUT, it introduces complexity, inconsistency, and difficulties in
interpretation. The goal of MAUT is to provide a systematic and structured approach to
decision-making by aggregating diverse criteria into a single utility function that captures

overall preferences in a more manageable and interpretable manner.

4.5 Reasoning behind having Normalization as the Utility Function in this Paper

The researcher pondered over whether utilizing multiple utility functions for each
attribute in MAUT would be feasible and practical. Ultimately, it was decided that the
normalization function would be the utility function in order to provide an applicable, valid
approach for decision makers to use. Below are the following reasons for the method taken

in this paper:
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1. Simplicity and Transparency: The normalization function is simple and
transparent, making it easy to understand and implement. If the decision context is
straightforward, and there's a desire for simplicity, using the normalization function
might be a reasonable choice (Svensson,2006; Kaliszewski and Podkopaev, 2016).

2. Equal Weighting of Criteria: Using the normalization function implicitly
assumes that all criteria are equally important. If the decision-maker does not have
clear preferences or weights for different criteria, the normalization function can
provide away to give each criterion an equal weight in the decision process.

3. Lack of Specific Preferences: If the decision-maker is unable to articulate specific
utility functions for each criterion, and expresses or points out a more general or
ambiguous preference, the normalization function can serve as a neutral way to

standardize the data for comparison.

4.6 MAUT

The basic principle of MAUT is to define utility functions that assign values to
different attributes. These utility functions quantify how much an individual values a
specific attribute. There are different forms of utility functions for MAUT such as additive,

multiplicative, and multilinear.

Measuring Utilities in MAUT

The additive form of utility function assumes that the overall utility of an outcome
is the sum of the utilities of its individual attributes. This implies that attributes are
independent of each other in terms of their impact on overall utility. On the other hand, the

multiplicative form of utility function suggests that the overall utility of an outcome is the
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product of the utilities of its attributes. This form implies that attributes interact with each

other in a multiplicative manner.

Modifications for Practical Application

While the foundational concepts of MAUT are robust, there are practical
considerations when applying the model to real-world scenarios. One significant challenge
is the complexity of measuring utilities, especially when dealing with a large number of

attributes and a diverse group of decision-makers.

In survey research projects aimed at measuring collective social preferences,
several modifications are needed. These include assuming mutual utility independence,
simplifying measurement techniques to accommodate a broader population, and finding
ways to handle extreme attribute levels. Additionally, aggregating individual preferences
into collective social preferences requires careful consideration. The chosen aggregation

method can significantly influence the final results and policy decisions.

In this praxis, the researcher followed the procedure given below to apply MAUT:

In applying Multi-Attribute Utility Theory (MAUT) it is necessary to standardize
the attributes' values before applying any utility method. Normalization has been used as a
technique using a max-min approach for decision-making. The max-min method involves
finding the maximum and minimum values for each attribute across all alternatives and
then normalizing the attributes to a common scale, usually between O and 1. This ensures
that the attributes are comparable and have equal weight in the decision-making process.
The following steps is how normalization is applied using a max-min function in MAUT

and is represented in the figure below:
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Figure 6: MAUT steps
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Step 1: Identify Attributes and Alternatives

Identify the attributes (criteria) that you want to consider in your decision-making process

and the corresponding alternatives you are evaluating.

Step 2: Determine Attribute Ranges

For each attribute, determine the range of values by finding the maximum and minimum
values across all alternatives. Let's denote the maximum and minimum values of attribute
"A" as A_max and A_min, respectively. Similarly, for attribute "B," denote the maximum

and minimum values as B_max and B_min.

Step 3: Normalize Attributes

Normalize the attribute values for each alternative using the following formula:
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Normalized Value = (Actual Value - Minimum Value) / (Maximum Value - Minimum

Value)

For attribute "A" of Alternative 1: Normalized A for Alternative 1 = (Actual A value for

Alternative 1 - A_min) / (A_max- A_min)

Do the same for attribute "B" and all other attributes for each alternative.

Step 4: Apply Max-Min Normalization

Calculate the normalized values for all attributes of each alternative. Then, apply the max-

min normalization to these normalized values for each alternative:

Normalized Value after Max-Min = (Normalized Value - Minimum Normalized Value) /

(Maximum Normalized Value - Minimum Normalized Value)

Repeat this step for all attributes and alternatives. The resulting normalized values after

max-min normalization will range between 0 (worst) and 1 (best) for each attribute.

Step 5: Calculate Overall Utility Using Weighted Average Utilities

After normalizing the attributes, we calculate the overall utility for each alternative using
the weighted sum method based on this paper’s decision-making model. The normalized
and max-min normalized attribute values are used as inputs to these utility functions and
we multiply the average weights obtained using FAHP method, explained earlier, to

estimate final utility for each alternative

Step 6: Make a Decision

Compare the overall utilities of the alternatives to determine the best alternative based on

the paper’s decision criteria.

45



Normalization, especially when combined with a max-min approach, helps in addressing
issues related to different scales of measurement for attributes and brings them to a
common scale for comparison. This ensures that no attribute dominates the decision-
making process solely due to its larger magnitude. However, it's important to note that the
weights assigned to attributes and the choice of utility functions also play crucial roles in

the final decision outcome.
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Chapter 5: Results

5.1 Context

The relationship amongst the attributes was established using two statistical
software packages, SPSS and Mini-tab. Multiple-Linear Regression was performed on the
dataset, using IRR as the dependent variable. Consequently, FAHP was applied, and their

results incorporated into the MAUT model.

5.2 Descriptive Statistics

The descriptive statistics for the variables (Table 1) in this study indicate that
the average internal rate of return (IRR) for the sample is 0.0783 with a standard
deviation of 0.10720, suggesting that there is a relatively large dispersion in IRR values.
The mean technical feasibility scoreis 0.4889 with a standard deviation of 0.25943,
indicating that most of the projects are moderately feasible from a technical perspective.
The mean uniqueness of R&D score is 3.5768 with a standard deviation of 2.68102,
suggesting that the projects vary widely in terms of their level of uniqueness. The mean
reputational risk score is 0.3518 with a standard deviation of 0.16154, indicating that
reputational risk has a relatively large dispersion for most of the projects The
mean regulatory risk scoreis high at 9.5179 with a standard deviation of 8.64288,
suggesting that regulatory risk is a significant concern for the projects in our sample. The
mean market and business risk score is 0.8264 with a standard deviation of 0.24708,
indicating that most of the projects are relatively low risk from a market and business
perspective. Finally, the mean scalability scoreis 3.3036 with a standard deviation of

1.34872, indicating that most of the projects have moderate to high scalability potential.
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Table 1: Descriptive analysis

Attribute Mean Std. Deviation N
IRR 0.0783 0.10720 140
Technical Feasibility 0.4889 0.25943 140
Uniqueness of R&D 3.5768 2.68102 140
Reputational risk 0.3518 0.16154 140
Market and Business 0.8264 0.24708 140
risk

Scalability 3.3036 1.34872 140
Regulatory risk 9.5179 8.64288 140
Market factors 1.9571 1.06360 140

These descriptive statistics provide information about the central tendency and
variability of the variables in our study, which helps to give us a better understanding of
the data. While most R&D projects are at least somewhat technically feasible, there is still
variability in feasibility across projects, and the uniqueness of R&D projects varies
widely. Overall, these insights suggest that evaluating R&D projects is not a one-size-fits-

all process, and that individual projects need to be evaluated on a case-by-case basis.

5.3 Pearson Correlation

In order to measure the linear relationship between pairs of variables we applied
Pearson correlation to our dataset, and it helped us to identify which attributes are
positively or negatively correlated with each other, and to what extent. For the benefit of
the reader, Pearson correlation is a statistical method used to measure the strength and
direction of the linear relationship between two variables. Pearson correlation analysis was

utilized to evaluate the strength of our variables based on the correlation coefficient (r).
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The strength of the (r) relationship is considered strong when the value is -/+ 0.6 and above,

moderate when the value is -/+ 0.4 to 0.59 and weak when the value is -/+ 0.1 to 0.39

(Akoglu, 2018).

Table 2 represents the findings of Pearson Correlation analysis of our dataset.

Table 2: Pearson Correlation

E2| 2918 4|2yl & |B |u o
Attribute E %g _05;9_: g@ g = fv f_gé < 8
2e852|g”| 28 & |&§ |=°
IRR 1.000 | 0.108 | 0.034 | -0.122 | 0.100 | 0.210 | -0.118 | -0.199
Technical
0.108 | 1.000 | 0.021 | -0.236 | 0.033 | 0.684 | -0.348 | -0.190
Feasibility
Uniqueness of
0.034 | 0.021 | 1.000 | 0.116 | -0.009 | 0.051 | 0.002 | 0.141
R&D
Reputational
» -0.122 | -0.236 | 0.116 | 1.000 | -0.017 | -0.181 | 0.427 | 0.482
ris
Market &
) ) 0.100 | 0.033 | -0.009 | -0.017 | 1.000 | 0.062 | -0.083 | 0.227
Business risk
Scalability 0.210 | 0.684 | 0.051 | -0.181 | 0.062 | 1.000 | -0.252 | -0.185
Regulatory
" -0.118 | -0.348 | 0.002 | 0.427 | -0.083 | -0.252 | 1.000 | 0.300
ris
Market factors | -0.199 | -0.190 | 0.141 | 0.482 | 0.227 | -0.185 | 0.300 | 1.000

A significantly strong correlation was found between scalability and technical

feasibility (r=0.684). Moderately strong correlations were found between reputational risk

and regulatory risk (r=0.427) and between reputational risk and market factors (r=0.482).
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The significant but weak correlations were found between regulatory risk and market
factors (r=0.300), market & business risk and market factors (r=0.227) and scalability and
IRR (r=0.210).

Negative correlations were found between technical feasibility and regulatory risk (r= -
0.348), reputational risk (r=-.236) and market factors (r= -.190). In addition, negative
correlations were yielded from scalability and regulatory risk (r= -.252), market factors (r=
-.185) and reputational risk (r=-.181). IRR and market factors (r=-.199).

The findings from the Pearson correlation analysis suggest several key
relationships between the attributes in our dataset. Firstly, there is a weak positive
correlation (r = 0.210) between IRR and scalability, indicating that projects that are more
scalable may have higher IRRs. This suggests that scalability is an important factor to
consider in evaluating the potential success of R&D projects. Furthermore, there is a
positive relationship (r = 0.684) between technical feasibility and scalability, suggesting
that projects that are more technically feasible may also be more scalable. Additionally,
there is a moderate positive correlation (r =0.427) between reputational risk and regulatory
risk, suggesting that projects with higher reputational risk may also have higher regulatory
risk. Reputation and market factors also appear to be connected factors to consider, asthere
is a weak positive correlation (r =0.482) between these two attributes. Furthermore, there
is a weak positive correlation (r =0.227) between market & business risk and market
factors, indicating that projects with higher market and business risk may also be more
influenced by market factors.

Finally, there is a weak negative correlation (r = -0.348) between technical

feasibility and regulatory risk, suggesting that projects that are more technically feasible
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may be less likely to encounter regulatory issues, or that projects with high regulatory risk
may have more technical complexity that could pose challenges for execution. Thus,
Pearson correlation has helped us to identify important relationships between attributes in
our data-setand highlighted factors that may influence the success of R&D projects.

5.4 Analysis of Variance (ANOVA)

Analysis of variance (ANOVA) was conducted to assess the overall fit of
the regression model and the contribution of each independent variable to the model. The
table 3 shows the degrees of freedom (DF), sequential sums of squares (Seq SS),
contribution of each variable to the model (as a percentage of the total sum of
squares), adjusted sums of squares (Adj SS) and mean squares (Adj MS), F-values, and p-
values for each variable.

Table 3: ANOVA results

Source DF SeqSS | Contribution | AdjSS Adj MS | F-Value | P-Value
Regression 7 0.15249 9.55% 0.15249| 0.021784 | 1.990 0.061
Technical 1 0.01877 1.17% 0.00708 | 0.007082 0.65 0.423
Feasibility
Unigueness 1 0.00165 0.10% 0.00481 | 0.004813 0.44 0.508

of R&D

Reputational 1 0.0176 1.07% 0.0001 | 0.000006 0.00 0.981
risk

Market and 1 0.01460 0.91% 0.02653 | 0.026531 2.42 0.122
Business risk
Scalability 1 0.04976 3.12% 0.04019 | 0.040192 3.67 0.057
Regulatory 1 0.00290 0.18% 0.00062 | 0.000623 0.06 0.812
risk
Market 1 0.04765 2.98% 0.04765 | 0.047653 4.35 0.039
factors

ANOVA results indicate that overall, the model is marginally significant, with an
F-value of 1.990 and a p-value of 0.061. Among the individual sources of variation, Market

factors and scalability are statistically significant with p-value of 0.039 and 0.057,
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respectively. Technical feasibility, uniqueness of R&D, reputational risk, and regulatory
risk are not statistically significant, as their p-values are all above the conventional
threshold of 0.05.

5.5 MAUT Findings

Overview

As highlighted in the Fuzzy AHP approach methodology section, two experts were
utilized to assign weights to the attributes. Furthermore, Fuzzy AHP was applied to
minimize personal bias and thus the new, more objective weights were determined. In
addition to the determination of the utility for the opportunities based on the inputs received
from both the Experts, this paper also uses average weights and average data for the
opportunities for computing one single set of utility. This approach was taken to give the
reader an opportunity to compare the utility and weights with the other expert and with the
average dataset. It is important to highlight that a consistency check was performed to
ensure the validity of the data and weight allocation in the FAHP step before proceeding
with incorporating them into MAUT. The consistency check should be less than 0.10 to be
considered valid. The results of this paper’s data yielded 0.01 thus, indicating that the data

is consistent and reliable for the next process in the hybrid model.

Utility score and Ranks based on data and weights for Expert 1

Table 4 and Table 5 below represent the weights assigned by Expert 1 and the

outcome of the weights from the Fuzzy AHP approach.

Table 4: Expert 1 weights

Criteria Weight
IRR 15%
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Strategic fit 15%
Technical Feasibility 10%
Uniqueness of R&D 15%

Reputational risk 10%
Market and Business
risk 10%
Scalability 15%
Regulatory risk 5%
Market factors 5%

Table 5: FAHP result

Criteria Weights
IRR 0.145957
Strategic fit 0.145957
Technical Feasibility 0.10412
Uniqueness of R&D 0.145957
Reputational risk 0.10412
Market and Business risk 0.10412
Scalability 0.145957
Regulatory risk 0.051904
Market factors 0.051904

Once the weights were determined under FAHP, the utility score for each
opportunity in the dataset was calculated using the Simple Additive Weighting i.e.,
multiplying the score for each opportunity and corresponding attribute by its weight and
summing the results. The projects were then ranked based on the utility score. For the sake
of brevity, table 6 lists the top 10 projects and table 7 lists lowest 10 projects out of a total
of 140 projects. The highest Utility score was 0.724 and the least was 0.239. The project
scoring the highest utility score was for company Q’s, second opportunity, in the
sustainability domain, followed by company M’s, 13t opportunity, in the venture capital

space. The projects with least utility scores are of company Z’s, 5t opportunity in the
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joint venture category. The second lowest is company X’s, 30t opportunity in the

university collaboration domain.

Table 6: Top 10 projects

Q 2 Sustainability 0.724 1
M 13 VC 0.639 2
K 3 M&A 0.635 3
X 15 VC 0.626 4
X 19 Sustainability 0.620 5
z 13 VC 0.597 6
R 3 PIPE 0.589 7
X 17 VC 0.581 8
X 7 VC 0.572 9
M 5 Sustainability 0.570 10

Table 7: Last 10 projects

M 4 ucC 0.344 131
M 7 MOU 0.344 132
Zz 7 MOU 0.338 133
z 21 RC 0.337 134
X 26 RC 0.319 135
L 4 uc 0.311 136
M 18 MOU 0.302 137
Q 4 MOU 0.293 138
X 30 ucC 0.252 139
VA 5 I\ 0.239 140

Utility score and Ranks based on data and weights for Expert 2

Table 8 represent the set of weights assigned by Expert 2 and Table 9 represents

the set of weights determined using FAHP.
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Table 8: Expert 2 weights

Criteria Weight
IRR 20%
Strategic fit 10%
Technical Feasibility 5%
Uniqueness of R&D 20%
Reputational risk 10%
Market and Business
risk 5%
Scalability 10%
Regulatory risk 10%
Market factors 10%

Table 9: FAHP result

Criteria Expert 2
IRR 0.201381
Strategic fit 0.098055
Technical Feasibility 0.05348
Unigueness of R&D 0.201381
Reputational risk 0.098055
Market and Business
risk 0.05348
Scalability 0.098055
Regulatory risk 0.098055
Market factors 0.098055

university collaboration domain.
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The table 10 lists top 10 projects and table 11 lists lowest 10 projects out of a total
of 140 projects for Expert 2. The highest Utility score is 0.731 and the least is 0.141. The
project scoring the highest utility score is company Q’s, second opportunity in the
sustainability space, followed by company X’s, 4 opportunity in the sustainability
domain. The projects with least utility score continue to be company Z’s, 5t opportunity

in the joint venture category. The second lowest is company X’s, 30t opportunity in the




Table 10: Top 10 projects

Q 2 Sustainability | 0.731 1
X 4 Sustainability | 0.697 2
Z 13 VC 0.666 3
X 19 Sustainability | 0.661 4
X 15 VC 0.660 5
K 3 M&A 0.653 6
X 17 VC 0.637 7
R 3 PIPE 0.636 8
P 2 VC 0.627 9
X 7 VC 0.627 10

Table 11: Last 10 projects

yA 7 MOU 0.323 131
M 1 RC 0.322 132
M 2 RC 0.321 133
X 14 RC 0.321 134
L 4 uc 0.303 135
M 18 MOU 0.285 136
Q 4 MOU 0.279 137
X 26 RC 0.259 138
X 30 ucC 0.188 139
VA 5 IV 0.141 140

Utility score and Ranks based on average dataand weights:

Table 12 represents the set of average weights based on the FAHP weights

determined for each expert.
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Table 12: Average weights

IRR 0.174
Strategic fit 0.122
Technical Feasibility 0.079
Unigueness of R&D 0.174
Reputational risk 0.101
Market and Business

risk 0.079
Scalability 0.122
Regulatory risk 0.075
Market factors 0.075

The utility scores based on the average weights and average data of Top 10 and
Least 10 ranked are presented in Table 13 and Table 14. The opportunity with the highest
utility is company Q’s, second opportunity in the sustainability space followed by company
K’s third opportunity in the M&A domain. The projects with least utility score continue
to be company Z’s, 5t opportunity in the joint venture category. The second lowest is

company X’s, 30t opportunity in the university collaboration domain.

Table 13: Top 10 projects

Q 2 Sustainability | 0.739 1
K 3 M&A 0.648 2
X 15 VC 0.64 3
X 19 Sustainability 0.633 4
Z 13 VvC 0.631 5
X 4 Sustainability 0.630 6
M 13 VvC 0.628 7
R 3 PIPE 0.618 8
X 7 VvC 0.597 9
X 17 VC 0.593 10
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Table 14: Lowest 10 projects

Company name Opportunity Category | Utility Rank
yA 22 RC 0.325 131
Z 8 MOU 0.324 132
Z 7 MOU 0.319 133
M 7 MOU 0.316 134
M 18 MOU 0.294 135

L 4 uc 0.294 136
Q 4 MOU 0.284 137
X 26 RC 0.271 138
X 30 uc 0.214 139
yA 5 JV 0.172 140

Utility curves

For all the 140 projects and the respective utility generated for weights and data for
Expert 1, 2 and average data the utility curves were generated. The utility curves provide
the reader with the full spectrum and trend of the utility for all the opportunities consider
in this study. It may be noted that the utility curve under eachscenario is almost identical
and hence represents the robustness of the approach and the dataset. Figure 7,8, and 9

represent the utility curve for weights and data for Expert 1, Expert 2 and the average data

set respectively.
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5.6 Sensitivity analysis

The utility curves mentioned in the previous section were determined using python
programming. Hence, establishing the robustness of the model is significantly important.
It was decided that the sensitivity analysis will be performed on the average data as it is an
equivalent representative of Expert 1 and Expert 2 utility data. In particular, this analysis
was performed on the average of the values that were provided by both experts. In total, a
set of four different sensitivity checks were performed on the data. These checks were
performed with the aim of maximizing the IRR, Technical feasibility, and Uniqueness of
R&D whilst minimizing the Reputation risk and Market & Business risk. The remaining
criteria i.e., Regulatory Risk and Market factors were modified in the range of 0.8 to 0.95
and 0.9 to, 1 respectively. Table 15 below represents the four sets of data used for the

sensitivity check.

Table 15: Iteration data

Criteria Iteration1 | Iteration2 | Iteration3 | Iteration4
IRR 1.2 1.05 1.1 1.2
Technical Feasibility 1 1.05 1.1 1.2
Uniqueness of R&D 1 1 1.05 1.1
Reputational risk 0.9 0.95 0.9 0.8
Market and Business risk 1 1 0.95 0.9
Regulatory risk 0.9 0.95 0.9 0.8
Market factors 1 1 0.95 0.9
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Sensitivity analysis: Iteration one

In this analysis the IRR is increased by 20 basis point i.e., 1.2 while Reputational
Risk & Regulatory risk are reduced by 10 basis point eachi.e., 0.9. The top 2 projects under
the sensitivity check come out to be company Q’s, second opportunity in the sustainability
domain followed by company M’s, 13t opportunity in the Venture capital space. The last
two projects continue to be company Z’s, 5t opportunity in the joint venture category and

company X’s, 30t opportunity in the university collaboration domain.

Figure 10: Utility curve Iteration 1
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Sensitivity analysis: Iteration two

In this analysis the IRR and Technical feasibility increased by 5 basis point i.e.,
1.05 each, while Reputational Risk & Regulatory risk are reduced by 5 basis point eachi.e.
0.95. The top 2 projects under the sensitivity check come out to be the same as one
mentioned in Iteration 1 i.e., company Q’s, second opportunity in the sustainability domain
followed by company M’s, 13t opportunity in the Venture capital space. The last two
projects continue to be company Z’s, 5t opportunity in the joint venture category and

company X’s, 30t opportunity in the university collaboration domain.
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Figure 11: Utility curve Iteration 2
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Sensitivity analysis: Iteration three

In this analysis the IRR and Technical feasibility increased by 10 basis point i.e., 1.1 each,
while Uniqueness of R&D and Scalability were increased by 5 basis point each i.e., 1.05.
However, Reputational Risk & Regulatory risk are reduced by 10 basis point eachi.e., 0.90
while Market and Business risk and Market factors were reduced by 5 basis point eachi.e.,
0.95. This set of Iteration was used to maximize some of the factors that are more favorable
to a business requirement while reducing the risk factors. The utility curve portrays a
similar picture where top 2 projects under the sensitivity check come out to be the same as
one mentioned in Iteration 1 & 2i.e., company Q’s, second opportunity in the sustainability
domain followed by company M’s, 13t opportunity in the Venture capital space. The last
two projects continue to be company Z’s, 5t opportunity in the joint venture category and

company X’s, 30t opportunity in the university collaboration domain.
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Figure 12: Utility curve Iteration 3
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Sensitivity analysis: Iteration four

In this analysis the IRR and Technical feasibility increased by 20 basis point i.e., 1.2 each,
while Uniqueness of R&D and Scalability were increased by 10 basis point eachi.e., 1.10.
However, Reputational Risk & Regulatory risk are reduced by 20 basis point eachi.e., 0.80
while Market and Business risk and Market factors were reduced by 10 basis point each
1.e., 0.90. The approach in this iteration was identical to Iteration 3 i.e., to maximize some
of the factors that are more favorable to a business requirement while reducing the risk

factors.

The utility curve portrays a similar picture where top 2 projects under the sensitivity
check come out to be the same as one company Q’s, second opportunity in the sustainability
domain followed by company M’s, 13t opportunity in the Venture capital space. The last
two projects continue to be company Z’s, 5t opportunity in the joint venture category and

company X’s, 30t opportunity in the university collaboration domain.
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Chapter 6: Discussion

6.1 Introduction

This section will delve into how the outcomes of the results generated relate to the
hypothesis and research questions posed in this paper. It will then discuss the significant
aspects of the results section and the wider implications that arise from the utility scores.
Consequently, it will demonstrate how various factors may impact the opportunities of
different investment options depending on their specific contexts such as the nature of the
opportunity it exists in. Next, it will explore how the sensitivity analysis bolstered the
validity and reliability of the model developed in this paper. Ultimately, it will discuss how
decision makers can benefit from the model developed in this paper for practical

applicability and bring awareness to the nuances that surround complex decision-making.

6.2 Statistical Analysis

The research’s correlation and regression results show that although no collinearity
was found, multiple interactions (whether positive or negative) exist between some of the
attributes. This is important to note because MAUT accounts for the presence of
interactions amongst variables, thereby generating a ranking list that is not influenced by
the lack of such a consideration. Moreover, MAUT has the ability to handle large data sets.
Our data includes 140 projects with 8 attributes assigned to each project to which two
experts assigned weights and a value for each of the attributes. This cumulates to 2,304
values that would have to be processed for a utility score. Although AHP or TOPSIS can

produce utility scores and a rank for the data, it is a highly tedious and inefficient process.
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As such, the model developed in this paper is able to handle aspects such as interactions of

attributes against one another, large datasets and uncertainty.

6.3 Significant patterns of the results

The utility results and ranked order of opportunities generated by the MAUT model
enables the researcher to accept hypothesis 3. To recap, hypothesis 3 concerned whether a
decision support tool can be developed to rank and select R&D investments in the mining
and metals industry. Indeed, the results generated demonstrates that the model developed
in this paper can be utilized as a tool for decision makers to select R&D investment options
when faced with multiple criteria and a diverse set of projects. In addition, based on the
extensive steps undertaken by adopting the Fuzzy AHP process, the subjectivity and
inherent potential bias present in a decision maker’s preference for attributes can be
mitigated and develop greater objectivity. Therefore, hypothesis 2 is also accepted. Finally,
based on the methodology and the applicability of the hybrid model developed in this
paper, hypothesis 1 is also accepted. It is accepted on the basis that specific attributes can
be selected by decision makers to determine the most important R&D investments, as

demonstrated by the results that were produced.

When independently looking at the ranked results of Expert 1; 9 out of 10 of the
highest ranked projects are sustainability projects. Out of these sustainability projects, 5
are part of venture capitals and 3 are part of sustainability. Based on these results, it can be
implied that sustainability projects tend to add greater value and utility for a desired
potential outcome if they are involved within the context of the aforementioned categories.

In contrast, 4 out of 10 of the lowest ranked projects are sustainability projects. However,
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it is worth noting that these projects fall under the categories of MoU’s, research centers,

and university collaborations.

The top ranked results of Expert 2 regarding the nature and type of project were
precisely the same as Expert 1’s. That is, 9 out of 10 of the projects are sustainability
projects, to which 5 are venture capitals and 3 are sustainability. A holistic view of the
ranked results generated by both experts independently demonstrates how certain types of
projects and the nature by which they occur impact their utility and ranking. While both
generated Company Q, Opportunity 2 with the highest utility, the restof the ranked projects

and their associated companies are the exact same, yet in different ranked order.

In addition, 4 sustainability projects are included when looking at the lowest 10
ranked results yielded by Expert 2. However, just as Expert 1, all these projects tend to fall

under the category of MoU'’s, research centers and university collaborations.

The ranked results of the average of both Expert 1 and Expert 2 also reveal asimilar
pattern. 9 out of 10 of highest utility opportunities are sustainability projects that
predominantly fall under categories of joint ventures and sustainability. On the other hand,
the lowest ranked utility projects tend to predominantly fall under MoU’s, researchcenters,

and venture capital.

6.4 Wider implications of the results

In this manner, while projects that fall under sustainability seem to consistently
produce the highest utility for companies, it is important to also look at the nature of the
project itself. Ostensibly, it is insufficient for a sustainability project to derive the greatest

utility on its own, regardless of the importance placed on a specific attribute. Hence,
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recognizing whether the project is conducted under a venture capital, MoU, researchcenter
or joint venture is essential in order to attain a holistic and more thorough idea of how
attributes are actually considered amongst decision makers. By acknowledging the
interdependency and impact such factors have on attributes, a decision maker would have
greater awareness towards the implications of choosing particular attributes and weighing
the significance of such attributes under different circumstances and contexts. In this
manner, a more logical and rational process can be incorporated into their consciousness

when assigning preferred weights to their selected attributes.

Furthermore, the connection between the selected attributes and the categories by
which certain projects are under also seem to have an impact on the final utility score and
ranking of the projects themselves. Generally, decision makers tend to place significance
on IRR. Thus, projects that are unlikely to generate a desired level of IRR will naturally
end up lower in ranking. Moreover, the results demonstrate that while some projects are
highly desirable for companies due to a variety of factors that can range from global trends
to maximizing business competitiveness, if the project falls under a specific category, it
substantially reduces its utility for the decision maker. For instance, sustainability projects
under MoU’s and joint ventures are not perceived to maximize the attribute the decision
maker (i.e., the expert) deemed as having the higher importance (i.e., weight). This is due
to the fact that projects conducted under such circumstances, including research centers
and university collaboration, do not provide companies and decision makers with the
security or assurance of guaranteed returns and success. This is particularly the case if it

undermines the attributes by which they are assessed.
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6.5 Key interpretations ofthe results

1. The dominance of sustainability projects:

The consistent high rankings of sustainability projects across both experts' assessments
indicate the growing recognition of sustainability as a critical factor in decision-making.
This aligns with the increasing emphasis on environmental and social responsibility in
business practices. Academic research on MAUT supports the integration of sustainability
criteria within decision-making frameworks, highlighting its long-term value and positive

societal impacts (Kaplan, 2018).

2. Value of venture capital in sustainability projects:

The findings reveal that sustainability projects associated with venture capitals
consistently rank high in terms of utility. This suggests that the involvement of venture
capital firms provides financial and strategic support, contributing to the overall value and
success of sustainability initiatives. Research on venture capital and sustainability
emphasizes the role of venture capitalists as catalysts for sustainable innovation and growth

(Jeong etal., 2020).
3. Importance of the project context:

The analysis demonstrates that the nature and context of a sustainability project
significantly influence its utility ranking. Sustainability projects falling under categories
such as MoU's, research centers, and university collaborations tend to have lower utility
rankings. This indicates that the specific context and partnerships surrounding a

sustainability project can impact its perceived value.
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4. Variations in rankings:

Although sustainability projects consistently rank high, there may be variations in the
ranked order of projects between experts. This variation could stem from individual
differences in attribute weighting or the consideration of additional factors beyond
sustainability. It underscores the subjectivity and complexity of decision-making processes
within the MAUT framework. Researchon decision-making under uncertainty emphasizes

the need for robustness and sensitivity analysis to account for variations in expert opinions.

5. Holistic decision-making:

The results emphasize the importance of a holistic approach to decision-making,
considering not only the presence of sustainability attributes but also the broader project
characteristics. Decision-makers using MAUT should consider the interplay between
attributes, project types, and categories to make informed choices. This aligns with the
principles of integrated decision-making frameworks that advocate for considering

multiple dimensions and trade-offs.

Ultimately, in accomplishing the research objective, decision makers across different
companies and industries would be able to adopt the model developed in this paper as a

tool for selecting their most optimal R&D investment opportunities.

6.6 Sensitivity Analysis

To recap, sensitivity analysis involves exploring the effects of changes in attribute
weights or scores on the rankings of the alternatives. This analysis helps organizations
understand the robustness of their decisions and identify critical factors that significantly

influence the outcomes (Dyer, 2005). The sensitivity analysis was performed on the
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average values provided by both expert 1 and expert 2. The results of the analysis
demonstrate the robustness, validity and durability of the model developed in this paper. If
the utility graphs were to have curves that did not resemble the next iteration, then it could
be stipulated that the data utilized is not valid or reliable. When the values of different
attribute values were altered throughout four different iterations, the utility graphs for each
opportunity demonstrated a striking similarity between one another. In addition, the top 2
and lowest 2 opportunities were consistently the same through all iterations. The benefits
that arise from such a robust model is that it enables decision makers to utilize it in the
long-ter as well. Changes in attributes, weights or opportunities will not impact that
reliability of the model and reinforces the premise that MAUT is flexible and can be

adapted to new technologies and contexts.
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Chapter 7: Strengths and Limitations

7.1 Strengths ofthe Praxis

In today's dynamic and uncertain business environment, decision-making plays a
crucial role in shaping the success and competitiveness of organizations across various
industries. The mining industry, in particular, faces unique challenges in making informed
decisions due to the inherent complexities associated with its operations. To address these
challenges, studies have been conducted to develop effective decision-making models and

methodologies tailored to the mining context.

In this section, the strengths of the paper are highlighted, focusing on the key
aspects that distinguish it from previous studies. By examining the unique features and
advantages of the FAHP-MAUT model, the researcher sheds light on its potential to
revolutionize decision-making practices within the mining industry and beyond. Moreover,
decision-makers can benefit from a more structured and objective decision-making process
that considers both qualitative and quantitative factors. This integration addresses the
limitations of traditional decision-making approaches that rely heavily on subjective

judgments and personal experiences.

Ultimately, the strengths of this research extend beyond the mining industry, providing
valuable insights and methodologies applicable to decision-makers across diverse

industries. The strengths are listed below.

1. A Recently Trending Approach:
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This research introduces a novel approach to decision-making in the mining industry

by combining FAHP with MAUT, which is not commonly found in the existing literature.

2. Large dataset:

This paper compiled a total of 144 projects that come from 25 prominent mining
companies within the industry. Such a large dataset is uncommon within the mining
industry, particularly for a decision-making process study. A large and diverse list of
projects enables greater generalizability, data accuracy and offers a broader scope to the

applicability of the hybrid model proposed in this study.

3. Absence of collinearity:

The absence of collinearity in the results of a statistical analysis or model is highly
desirable and beneficial. Collinearity refers to a high correlation or linear relationship
between predictor variables, which can cause problems in statistical models and
compromise the reliability and interpretability of the results. In the absence of collinearity,
the parameter estimates in the statistical model become more reliable. each predictor's
effect can be interpreted independently and more clearly, allowing for a better
understanding of their individual impacts on the outcome. In addition, when collinearity is
absent, the model tends to be more stable and robust, providing consistent and reliable

predictions across different samples or datasets.

4. Reduction of Subjectivity:

By incorporating a systematic decision support tool, the research aims to reduce the
subjective nature of R&D investment project selection. This can lead to more informed and

unbiased decision-making, improving the overall quality of project selection.
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5. Sensitivity Analysis:

Sensitivity analysis involves exploring the effects of changes in attribute weights or
scores on the rankings of the alternatives. This analysis helps organizations understand the
robustness of their decisions and identify critical factors that significantly influence the
outcomes. The results of this paper’s sensitivity analysis demonstrate the reliability and

validity of the data and utility used in the paper.

6. Comprehensive Literature Review:

The research begins with a thorough literature review that explores the significance of
R&D investments, the role of MCDA in the mining industry, and the traditional models
used in project selection. This provides a solid foundation for the proposed approach and

demonstrates a comprehensive understanding of the existing research.

7. Theoretical and Empirical Validity:

The research establishes the theoretical and empirical validity of the hybrid FAHP-
MAUT model. By explaining the underlying theories and conducting correlation and
regression analyses, the study provides a robust basis for the proposed decision-making

approach.

8. Improved Decision Transparency:

The proposed FAHP-MAUT model provides a structured and transparent decision-
making process. It incorporates multiple criteria and their corresponding weights, enabling

decision-makers to understand and justify the rationale behind their project selections. This
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transparency can enhance accountability and facilitate effective communication among

stakeholders.

9. Enhanced Decision Consistency:

The systematic nature of the FAHP-MAUT model promotes consistency in decision-
making. By using a standardized framework and explicit criteria, the model helps ensure
that similar projects are evaluated and compared consistently, reducing the potential for

biased or arbitrary decision outcomes.

10. Consideration of Multiple Criteria:

The research recognizes the importance of considering multiple criteria in R&D
investment project selection. By incorporating both qualitative and quantitative factors,
such as technological feasibility, financial viability, and market potential, the proposed

approach provides a more comprehensive evaluation of investment options.

11. Flexibility and Adaptability:

The FAHP-MAUT model offers flexibility in incorporating new criteria or modifying
existing ones as industry needs and priorities evolve. This adaptability allows decision-
makers to customize the model to suit specific contexts, ensuring its relevance and

applicability over time.

12. Integration of Expert Knowledge:

The FAHP-MAUT model allows for the integration of expert knowledge and

judgments through the use of pairwise comparisons and criteria weighting. This enables
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decision-makers to leverage the expertise of individuals familiar with the mining industry,

enhancing the accuracy and relevance of the decision outcomes.

13. Potential for Automation:

The proposed approach has the potential for automation, particularly in data processing
and analysis. As advancements in technology, such as artificial intelligence and machine
learning, continue to progress, the FAHP-MAUT model can be integrated into decision

support systems, streamlining the decision-making process and reducing manual effort.

14. Improved Decision Quality:

By combining FAHP and MAUT, the research aims to improve the quality of R&D
investment project selection in the mining industry. The systematic and quantitative
approach reduces the reliance on subjective judgments and intuition, leading to more
informed and data-driven decisions. This can contribute to higher success rates and

improved overall performance of investment projects.

15. Robust Methodological Framework:

The research provides a rigorous methodological framework by combining FAHP and
MAUT, both of which are well-established decision-making techniques. The integration of
these methods enhances the robustness of the approach and instills confidence in its

analytical foundations.

16. Consideration of Uncertainty:

The research acknowledges the presence of uncertainty in decision-making by

incorporating fuzzy logic through the FAHP model. Fuzzy logic allows for the
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representation and handling of imprecise or ambiguous information, providing a more

realistic representation of the decision environment.

17. Improved Risk Assessment:

The proposed approach facilitates a more comprehensive assessmentof risks associated
with R&D investment projects. By considering multiple criteria and their interactions,
decision-makers can better evaluate and quantify the potential risks involved, leading to

more informed risk management strategies.

18. Alignment with Business Objectives:

The research emphasizes the alignment of project selection with business objectives
and strategic goals. By incorporating relevant criteria that directly link to organizational
priorities, the FAHP-MAUT model ensures that investment decisions are in line with the

overarching strategic direction of the mining company.

19. Potential for Continuous Improvement:

The FAHP-MAUT model can be used as a dynamic decision-making tool that allows
for continuous improvement. Asnew data, information, and insights become available over
time, decision-makers can update the model inputs and refine their project selection

decisions, leading to iterative improvements in the overall decision-making process.

20. Enhanced Resource Allocation:

By systematically evaluating and comparing investment projects, the proposed

approach facilitates more efficient resource allocation. Decision-makers can allocate
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resources to projects that demonstrate higher potential and align with strategic priorities,

optimizing the utilization of limited resources within the mining industry.

21. Integration of Stakeholder Preferences:

The FAHP-MAUT model can be adapted to incorporate the preferences and priorities
of different stakeholders. By involving relevant stakeholders in the criteria weighting and
decision-making process, the approach fosters stakeholder engagement and promotes a

more inclusive and participatory decision-making environment.

22. Improved Project Performance Measurement:

The research highlights the importance of performance measurement and evaluation in
project selection. By incorporating performance metrics as criteria, the FAHP-MAUT
model enables decision-makers to monitor and assess the progress and outcomes of

selected projects, enabling data-driven decision adjustments if necessary.

7.2 Limitations

While the proposed research on integrating the Fuzzy Analytic Hierarchy Process
(FAHP) with the Multi-Attribute Utility Theory (MAUT) for decision-making in the
mining industry offers valuable insights and contributions, it is important to acknowledge
and discuss its limitations. Understanding the limitations of any research is crucial for both
researchers and readers, as it provides a balanced perspective and highlights areas for

further improvement and future research.
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In this paper, the researcher aims to critically examine the limitations of the proposed
research, shedding light on aspects that warrant consideration and potential avenues for
refinement. By acknowledging these limitations, a deeper understanding can be fostered of
the research's scope and applicability, while also identifying opportunities for future
research to address these challenges. The limitations and opportunities for further research

are as follows.

1. Data Availability and Quality:

The effectiveness of the FAHP-MAUT model relies heavily on the availability and
reliability of data. Obtaining accurate and comprehensive data on R&D projects may pose
challenges, and the quality of the results is contingent upon the accuracy and completeness

of the data used.

2. Complexity and Resource Requirements:

Implementing the FAHP-MAUT model requires a certain level of expertise and
resources. The process of combining these two models and conducting the necessary
analyses can be complex and time-consuming. Organizations considering adopting this
approach should be prepared to allocate the necessary resources and expertise for its

successful implementation.

3. Subjective Inputs:

While the proposed approach aims to reduce subjectivity, it still relies on subjective
inputs, particularly in the initial stages of data collection and criteria weighting. The
reliance on expert judgments and opinions may introduce inherent biases into the decision-

making process.
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4. Lack of Comparative Analysis:

The research does not provide a direct comparison of the proposed FAHP-MAUT
model with other existing decision-making models in the mining industry. A comparative
analysis could have provided further insights into the advantages and disadvantages of the

proposed approach.

5. Implementation Complexity:

The implementation of the FAHP-MAUT model may require specialized knowledge
and expertise in both FAHP and MAUT methodologies. Organizations without access to
experts in these areas may face challenges in understanding, implementing, and

maintaining the model effectively.

6. Data Reliability and Availability:

The reliability and availability of data can pose limitations. Obtaining accurate and
comprehensive data on criteria such as project costs, market potential, and technological
feasibility may be challenging. Incomplete or inaccurate data can compromise the

effectiveness and validity of the decision-making process.

7. Time and Resource Constraints:

The implementation of the FAHP-MAUT model may require significant time and
resources. Collecting and analyzing data, conducting pairwise comparisons, and
performing complex calculations can be resource-intensive and time-consuming.
Organizations with limited resources may find it difficult to allocate the necessary time and

personnel for the implementation.
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8. Subjectivity in Criteria Weighting:

The weighting of criteria in the FAHP-MAUT model involves subjective judgments by
decision-makers. The reliance on expert opinions and judgments introduces the potential
for biases and variations in the weighting process, impacting the objectivity and

consistency of the decision outcomes.

9. Lack of Validation in Real-world Settings:

The research may lack validation in real-world settings or practical implementation.
While the proposed FAHP-MAUT model is theoretically grounded and supported by
empirical analysis, its effectiveness and applicability in real-world mining industry

contexts may require further validation through case studies or pilot implementations.
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Chapter 8: Contributions

8.1 Introduction

The contributions of this praxis have sought to address existing gaps, challenge
prevailing assumptions, and generate new knowledge that can enrich the field and
contribute to its further development. By delineating the contributions of this research, the
researcher aims to provide a comprehensive overview of its distinctive features and the
intellectual contributions it brings to the field. Furthermore, this section will discuss the
implications and potential impacts of these contributions, considering their relevance to

academic research and practical applications.

8.2 Contributions Elaboration

The present paper contributes to this growing body of research by proposing a novel
approach that integrates the Fuzzy Analytic Hierarchy Process (FAHP) with the Multi-
Attribute Utility Theory (MAUT) to support decision-making in the mining industry. By
combining these two methodologies, the research aims to enhance the decision-making
process and provide decision-makers with a comprehensive framework for selecting R&D
investment projects. Moreover, the research not only provides a theoretical framework but
also offers practical guidance for decision-makers, demonstrating the applicability and
implementation of the FAHP-MAUT model in real-world decision scenarios. By bridging
the gap between theory and practice, decision-makers are empowered to make informed
choices and navigate complex decision contexts with greater confidence. Ultimately, these

contributions  encompass both theoretical and practical aspects, encompassing
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advancements in methodologies, empirical findings, conceptual frameworks, or practical

applications.

1. Recently Trending Approach:

The research introduces a relatively new approach to decision-making in the mining
industry by combining FAHP (Fuzzy Analytic Hierarchy Process) with MAUT (Multi-
Attribute Utility Theory). This integration of methods has not been widely explored in

previous studies, filling a gap in the literature.

2. Reduction of Subjectivity:

By incorporating the FAHP-MAUT model, the research aims to reduce subjectivity in
the selection of R&D investment projects. Traditionally, decision-making in the mining
industry has relied on expert judgment and personal experiences, which can be subjective.

The proposed model provides a more systematic and objective decision-making process.

3. Optimal Investment Selection:

The researchfocuses on optimizing the selection of R&D investment projects. By using
the MAUT model for final ranked results, decision-makers can identify the most optimal
investment options based on multiple criteria and their associated utilities. This contributes

to maximizing the value of achieving desired outcomes.

4. Theoretical and Empirical Validity:

The research establishes the theoretical and empirical validity of the FAHP-MAUT
model. By discussing the underlying theories and demonstrating the hybrid model's

superiority, decision-makers can have confidence in its effectiveness and objectivity. The
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methodology section provides insights into data collection, analysis, and the application of

FAHP and MAUT.

5. Practical Implications:

The findings of the research have practical implications for decision-makers in the
mining industry. The ranked order of utility scores for each project helps prioritize
investments, considering risk, uncertainty, and various evaluation dimensions. The
research contributes to improving decision processes that explicitly embody the

organization's objectives, goals, and resource constraints.

6. Contribution to Literature:

The research contributes to the existing literature by addressing the limitations of
previous studies. While previous research predominantly utilized hybrid models or
individual methods like AHP, this study introduces the combination of FAHP and MAUT.
By expanding the range of decision support tools, the research enriches the available

options for decision-making in the mining industry.

7. Filling a Research Gap:

The research addresses a gap in the literature identified by a systematic review of
previous studies. The review found that none of the examined research used a combination
of FAHP and MAUT in the mining industry. By introducing this hybrid model, the research

fills the gap and provides a new perspective on decision-making methods in the field.
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8. Enhanced Decision-Making Process:

Previous studies have highlighted the limitations of relying solely on expert judgment
and personal experiences in decision-making. The proposed research offers an enhanced
decision-making process by integrating quantitative and qualitative methods. By
combining FAHP and MAUT, decision-makers can make more informed and robust

decisions, considering both subjective and objective factors.

9. Improved Project Selection Criteria:

The research contributes to the development of project selection criteria in the mining
industry. By incorporating multiple evaluation dimensions, such as risk and uncertainty
levels, the proposed model provides a comprehensive framework for assessing investment
projects. This contributes to more effective resource allocation and increased project

success rates.

10. Validation of Existing Models:

The research validates and expands upon existing decision-making models, such as
FAHP and MAUT. By applying these models to the mining industry and evaluating their
performance, the researchprovides empirical evidence of their applicability and usefulness
in a specific context. This validation enhances the credibility and practical relevance of

these models.

11. Sensitivity Analysis:

The research conducts a sensitivity analysis to test the validity and reliability of the

data and model. This analysis helps decision-makers understand the robustness of the
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decision-making process and identify potential uncertainties or variations that may impact
the final results. The findings of the sensitivity analysis contribute to the overall reliability

and confidence in the decision-making approach.

12.Practical Guidance for Decision-Makers:

The research not only provides a theoretical framework but also offers practical
guidance for decision-makers in the mining industry. The discussion of results,
implications, strengths, and limitations helps decision-makers understand the implications
of adopting the proposed model. This practical guidance aids in the implementation and

adoption of the FAHP-MAUT model in real-world decision-making scenarios.

13. Contribution to the Mining Industry:

The research has practical implications for the mining industry as a whole. By
introducing a more systematic and objective decision-making approach, the research aims
to improve the selection of R&D investments. This, in turn, can lead to increased
innovation, improved firm performance, and enhanced competitiveness within the
industry. The research contributes to the overall growth and development of the mining

sector.

The research contributes to the mining industry by providing a structured and
systematic approach to decision-making. By integrating FAHP and MAUT, decision-
makers can make informed choices regarding R&D investments, resource allocation, and
project selection. This helps optimize the use of resources, improve operational efficiency,

and increase the likelihood of successful outcomes in the mining sector.

86



14. Improved Decision-Making:

The proposed research enhances decision-making processes for all industries, not just
mining. By combining quantitative and qualitative methods, decision-makers can gain a
comprehensive understanding of the decision context, evaluate multiple criteria, and
identify the best alternatives. This contributes to more effective decision-making across

various sectors, leading to improved performance and outcomes.

15. Risk Mitigation:

Decision-making in the mining industry involves significant risks and uncertainties.
The research contributes to risk mitigation by providing decision-makers with a structured
framework to evaluate and manage risks associated with R&D investments. By considering
risk factors within the decision-making process, decision-makers can make more informed

choices and reduce potential negative impacts on projects and operations.

16. Knowledge Advancement:

The research contributes to the existing literature on decision-making in the mining
industry. By introducing a novel approach and validating its effectiveness, the research
expands the knowledge base of decision-making models and methods applicable to the
mining context. This contributes to the theoretical understanding of decision-making in

mining and provides a reference for future research and scholarly discussions.

17. Decision-Making Tools:

The proposed FAHP-MAUT model adds to the repertoire of decision-making tools

available to decision-makers. The integration of FAHP and MAUT offers a unique
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combination of methodologies that can be adapted and applied in various decision contexts.
This expands the range of tools decision-makers can utilize to tackle complex decision

problems, promoting more informed and effective decision-making practices.

18. Practical Application:

The researchemphasizes the practical application of the proposed model. By providing
practical guidance and illustrating its implementation in the mining industry, decision-
makers can directly apply the findings to their own decision-making processes. This
bridges the gap between theory and practice, facilitating the adoption and utilization of the

FAHP-MAUT model in real-world decision scenarios.

19. Decision-Making Standardization:

The proposed research contributes to the standardization of decision-making processes
within the mining industry. By introducing a structured and systematic approach, decision-
makers can follow a consistent methodology when evaluating investment projects. This
standardization promotes transparency, fairness, and accountability in decision-making,
ensuring that decisions are based on objective criteria and aligned with organizational

goals.

20. Decision-Maker Empowe rment:

The research empowers decision-makers by providing them with a robust framework
and tools to support their decision-making processes. By incorporating multiple criteria
and considering subjective and objective factors, decision-makers can make more
confident and defensible decisions. This empowerment enhances decision-makers' ability

to navigate complex decision contexts and achieve desired outcomes.

88



21. Future Research Opportunities:

The praxis highlights potential areas for future research and development. It opens
avenues for further exploration of decision-making methods in the mining industry,
considering technological advancements and greater data availability. Future studies can
build upon the FAHP-MAUT model and explore its applicability in other domains or
expand its scope beyond R&D investment projects. In addition, future research can
leverage advancements in areas such as Artificial Intelligence and Machine Learning over
available data and compare or contrast results with MCDA techniques or even research
potential ways to converge methods with results from each for optimal decision-making in

such domain or other domains.
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Appendix A

Data Source Details

As mentioned in Chapter 4 Methodology under section 4.1 Data Collection, the
data utilized in this praxis was retrieved from a private report established by a consulting
firm that operates in the mining industry. The consulting firm is “Evalueserve” and their

website can be reached on this link: https://www.evalueserve.com.

As confirmed by data source provider, the data for R&D investments in the

mining industry used in this praxis can be provided to other researchers for research

purposes under the following conditions:

1. If only anonymized data is needed for research purposes (not revealing names of
commercial companies or titles of the investments compiled) - the data can be masked
and provided directly free of charge with no further requirements.

2. If data for research purposes needs the inclusion of the names of commercial mining
companies and investment details, data can be requested and provided free of charge if
and only if meeting all the following requirements:

a. Providing proof of association with an academic university or a research institute.
b. Providing a brief about the research and publication targets planned.
c. Agreement on terms that include but are not limited to:
I Not to sell, resell, or disclose any of the data to any commercial company
or consulting company.
ii.  Notto disclose the data in the final published researchand limit the use for

generating results or findings.
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iii.  No responsibility on the company for any findings or recommendations

made by the research and applied by a commercial company.

For a request meeting the above conditions, the consulting firm can be reached by
a contact request on the company’s “Contact US” page on the link below:

https//www.evalueserve.com/speak-to-expert/.

Moreover, the company has indicated that if data needs to extend beyond other
data sets for competitive intelligence with interest in an annual subscription, they
encourage contacting them regarding interest in their “Insightsfirst Platform” and
requesting a Custom Demo on the link below:

https://www.evalueserve.com/product/insightsfirst-competitive-inte lligence/.
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