
 

 

 

 

 

 

 

 

 

CUSTOMER-DRIVEN DECISION SUPPORT SYSTEM FOR NEW PRODUCT 

DEVELOPMENT 

A case study on a novel handheld radiation detector. 

 

 

 

 

 

Lappeenranta–Lahti University of Technology LUT 

Master’s Programme in Business Analytics, Master's thesis 

2023 

Mikko Pajula 

Examiner(s): Associate Professor Jan Stoklasa, D.Sc. (Tech) & Visiting Researcher Tomáš 

Talášek, Ph.D. (Tech)  



2 

 

ABSTRACT 

Lappeenranta–Lahti University of Technology LUT 

LUT School of Business and Management 

Business Administration 

 

Mikko Pajula 

 

Customer-Driven Decision Support System for New Product Development. A Case 

Study on a Novel Handheld Radiation Detector. 

 

Master’s thesis 

2023 

45 pages, 5 figures, 8 tables and 7 appendices 

Examiner(s): Associate Professor Jan Stoklasa, D.Sc. (Tech) & Visiting Researcher Tomáš 

Talášek, Ph.D. (Tech) 

 

Keywords: New product development, commercialization, segmentation, targeting, 

differentiation, decision support, MCDM, radiation detectors 

 

A crucial problem in new product development (NPD) is that companies either end up 

developing products that are undesirable by the customer, or develop products that do satisfy 

customer preferences, but the value is not captured due to competing products that also 

satisfy the preferences in that market. 

This paper addresses this problem by developing a decision-support system for finding a 

combination of product configurations and market segments that satisfy customer 

preferences better than the competitor products. The system is used to support the targeting 

and product differentiation decisions of a university research project looking to 

commercialize a novel handheld radiation detector device. 

This paper utilizes a multiple criteria decision-making model to evaluate different handheld 

radiation detectors on the market, as well as different product attribute configurations in 

different market segments. 

Based on the results of the model, suggestions were made for the case project to develop a 

set of product attributes and target a certain market segment. The system could be used to 

develop product attributes and select target market segments in which the company can gain 

competitive advantage through satisfied customer preferences. The findings of this paper 

can assist companies, such as university research projects, who have some product 

configuration and market in mind, but the attributes of the final product and target segments 

are unknown. 
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Uuden tuotekehityksen (NPD) ratkaiseva ongelma on, että yritykset joko kehittävät tuotteita, 

jotka eivät täytä asiakkaiden mieltymyksiä, tai kehittävät tuotteita, jotka täyttävät 

asiakkaiden mieltymykset, mutta arvoa ei luoda yritykselle kilpailevien tuotteiden takia, 

jotka myös vastaavat kyseisten markkinoiden mieltymyksiä. 

Tässä tutkimuksessa käsitellään tätä ongelmaa kehittämällä päätöksenteon tukijärjestelmä, 

jonka avulla voidaan löytää yhdistelmä tuoteominaisuuksien konfiguraatioita ja 

markkinasegmenttejä, jotka vastaavat asiakkaiden mieltymyksiä paremmin kuin 

kilpailijoiden tuotteet. Järjestelmää käytetään markkinoiden kohdentamisen ja tuote-

erilaistumisen päätöksien tukena yliopiston tutkimusprojektissa, jossa tavoitteena on 

kaupallistaa uusi kädessä pidettävä säteilyilmaisin. 

Tässä työssä hyödynnetään useiden kriteerien päätöksentekomallia (MCDM), jotta erilaisia 

markkinoilla olevia kädessä pidettäviä säteilyilmaisimia sekä erilaisia tuoteominaisuuksien 

konfiguraatioita voidaan arvioida eri markkinasegmenteillä. 

Mallin tulosten perusteella tehtiin case-projektille ehdotuksia tuoteominaisuuksien 

kehittämiseksi ja markkinasegmentin kohdentamiseksi. Järjestelmän avulla voitaisiin 

kehittää tuoteominaisuuksia ja valita kohdemarkkinasegmenttejä, joissa yritys voi saavuttaa 

kilpailuetua täyttämällä asiakkaiden mieltymyksiä. Tämän työn havainnot voivat auttaa 
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yrityksiä, kuten yliopistojen tutkimusprojekteja, joilla on jokin tuoteominaisuuksien 

konfiguraatio ja markkinat tiedossa, mutta lopullisen tuotteen ominaisuudet ja 

kohdesegmentit ovat tuntemattomia.  



5 

 

ACKNOWLEDGEMENTS 

 

Thank you, members of our research project, for the summer and fall spent together 

working on the exciting project. Special thanks to Marko Arenius and Sampsa Fabritius for 

the intriguing conversations and ideas. Thank you, Jan, for all your help on my thesis. 

 

  



6 

 

ABBREVIATIONS 

 

CdZnTe Cadmium Zinc Telluride 

CPM Counts Per Minute 

KNN K-nearest neighbors 

MCDM Multiple-Criteria Decision Making 

mR Milliroentgen 

NPD New Product Development 

QFD Quality Function Deployment 

STDP Segmentation, Targeting, Differentiation and Positioning 

  



7 

 

Table of contents 

 

Abstract 

Acknowledgements 

Symbols and abbreviations 

 

1. Introduction .................................................................................................................. 10 

1.1. Past research .......................................................................................................... 11 

1.2. Purpose and structure of the paper ........................................................................ 13 

1.3. Delimitations ......................................................................................................... 14 

1.4. Case background ................................................................................................... 14 

2. Theoretical framework ................................................................................................. 16 

2.1. Radiation detection & monitoring market ............................................................. 16 

2.2. Customer preferences ............................................................................................ 17 

2.2.1. End user interviews ........................................................................................ 25 

2.3. STDP framework .................................................................................................. 18 

2.3.1. Segmentation ................................................................................................. 20 

3. Methods and data .......................................................................................................... 22 

3.1. Multiple criteria decision-making models ............................................................ 22 

3.1.1. Sensitivity analysis ........................................................................................ 24 

3.2. K-nearest neighbors imputation ............................................................................ 25 

3.3. Case product dataset .............................................................................................. 25 

3.4. Market product dataset .......................................................................................... 30 

3.5. Decision matrix ..................................................................................................... 32 

3.5.1. Evaluation criteria .......................................................................................... 32 

3.5.2. Criteria evaluation standardization ................................................................ 35 

3.5.3. Missing value treatment ................................................................................. 36 

3.5.4. Decision-making model ................................................................................. 38 

4. Results .......................................................................................................................... 39 

4.1. MCDM .................................................................................................................. 39 

4.2. Sensitivity analysis ................................................................................................ 43 



8 

 

4.3. Suggestions ........................................................................................................... 45 

4.4. Model validation ................................................................................................... 48 

5. Conclusions .................................................................................................................. 50 

5.1. Limitations and further research ........................................................................... 51 

References ............................................................................................................................ 52 

Appendices ............................................................................................................................. 1 

 

 

 

Appendices 

Appendix 1. Global market development for radiation detection and monitoring (Rajaram, 

2019). 

Appendix 2. End user interview questionnaire form 1. 

Appendix 3. End user interview questionnaire form 2. 

Appendix 4. Product development team interview questionnaire form 

Appendix 5. Product development team interview questionnaire results 

Appendix 6. Nearest neighbours imputation cross-validation results 

Appendix 7.  Nearest neighbours imputation cross-validation boxplot results   



9 

 

Figures 

Figure 1. Estimated global market for radiation detection and monitoring by industry and 

application in 2024, USD M (Rajaram, 2019). 

Figure 2. Decision-support system for new venture commercialization. Adapted by Pajula 

(2023) from STDP framework by Kotler (2017). 

Figure 3. Overall evaluations of alternatives by device type on each segment 

Figure 4. Evaluation ranks of the case product variants on each segment. 

Figure 5. Distribution of best performing case product variant ranks after Monte Carlo 

simulation. 

 

Tables 

Table 1. End use descriptions obtained from end user interviews. 

Table 2. Basic structure of a decision matrix 

Table 3. Descriptions, data types and units of product features in the market and case product 

dataset 

Table 4. Assigning of product features to evaluation criteria. 

Table 5. Evaluation scales of criteria for partial goals standardization 

Table 6. Dataset variables missing values and their share of the total values. 

Table 7. Sensitivity analysis Monte Carlo simulation statistics for the highest-ranking case 

product variants 

Table 8. Case product variant 3 feature, parameter, and efficiency metric configuration 

  



10 

 

1. Introduction 

New technology success is not dependent on the invention itself, but on the market 

commercialization (Gans & Stern, 2003). The purpose of a business is to create a satisfied 

customer and the entire business must be viewed from the perspective of the customer 

(Drucker, 1973). During the mid-1980s, it became apparent to managers that relying solely 

on technology-driven approaches to innovation, where new technologies were developed 

first and then marketed, was not an effective way to manage innovation (Ulwick, 2019). 

Maine & Garnsey (2006) highlighted that a fundamental part of value creation happens when 

a new technology enables the development of completely new products which meet the 

consumers’ requirements. Many Finnish research commercialization projects experienced 

that customer-oriented understanding of market needs was a critical factor in the success of 

public research commercialization (Sundqvist, 2012).  

Porter (1985, p. 9) states that while satisfying customer preferences is indeed a prerequisite 

for industry profitability, the crucial question is whether companies can capture the value 

they create, or whether that value is competed away to others. Therefore, companies should 

pursue markets in which they can achieve competitive advantage through superior 

satisfaction of customer preferences. Chuang et al. (2015) concluded that integrating 

customer-oriented learning and competitor-oriented learning positively impacted new 

product creativity. 

Therefore, the crucial problem in new product development (NPD) is that companies either 

develop products that are undesirable by the customer, or develop products that do satisfy 

customer preferences, but the value is not captured due to competing products that also 

satisfy the preferences in that market. This paper attempts to address this problem by 

developing a decision-support system that uses end user preferences to evaluate different 

product feature configurations of a product in relation to competing products in different 

market segments. The model is used on a commercialization problem of a research project 

looking to find the set of product attributes and the market segments in which this product 

configuration performed better than the competition. 
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1.1. Past research 

Identifying and satisfying customer preferences in the technical implementation of the 

product is essential for developing successful products that meet customer needs and desires. 

Several studies have emphasized the importance of understanding customer preferences in 

NPD. Zirger & Maidique (1990) found that in the electronics industry, both the technical 

performance and the product’s value to the customer were among the key factors in the 

outcome of the new product development. Mehrjerdi (2010) found that new product 

development becomes more successful, and the business gains competitive advantage when 

customer requirements are converted to product design requirements in the NPD process. 

Research has also highlighted the importance of customer input in the development of new 

products (Callahan & Lasry, 2004; Morgan et al., 2018). 

Product configuration refers to the selection and combination of features that make up a 

product. Product configuration plays a role in satisfying customer preferences, as it 

determines the product's attributes and benefits. Product configuration can be complex, as 

customers may have different preferences for different features. Models, such as the Quality 

function deployment (QFD) have been used to support decision-making in developing 

product configurations based on customer requirements (Akao, 1972; Pullman et al., 2003). 

Developing a product that satisfies customer preferences is not enough to ensure success in 

the market. Companies must also consider the competitive environment and develop 

products that can capture value in the market. Several studies have emphasized the 

importance of considering the competitive environment in NPD (Porter, 1985; Langerak et. 

al, 1997; Hosseini et al., 2018). 

Market segmentation refers to the process of dividing a market into distinct groups of 

customers with similar needs and preferences. Market segmentation is essential for 

developing products that satisfy customer preferences and capture value in the market. 

Tynan & Drayton (1993) summarize the benefits of market segmentation, by highlighting 

not only the effective allocation of marketing resources, but that segmentation also 

“facilitates better identification of marketing opportunities, provides guidelines for 

developing separate target market groups, guides the product’s positioning relative to 

consumer needs and competition and it also provides guidelines for new product 

development.” 
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Many researchers have used decision-support models for product configuration selections, 

such as with the QFD methodology (Dawson & Askin, 1999; Hong et al., 2008; Wang & 

Hsueh, 2013; Li et al., 2014; Zhao et al., 2019), and market segment selections with MCDM 

(Mobin et al., 2014; Sukoroto et al., 2020; Zolfani, et al., 2021), but few have used customer 

preferences to find the product configuration that would not only satisfy the customer 

preferences but do so better than the competitors in different market segments and 

consequently use this information for market segment targeting and differentiation. This can 

be due to the difficulty of mapping the entire competitive landscape in a reliable manner. 

First, there can be numerous alternatives on the market and finding enough can be a tedious 

process. Secondly, the comparison of product features might not be a straight-forward task 

since the product features can be hard to convert to a comparable format and the features can 

vary substantially between products. 

While according to Aarikka-Stenroos & Lehtimäki (2014, p.9), the process of mapping 

customer needs first and only after that developing products to satisfy those is a common 

commercialization practice, they also highlight that this process of first developing the idea, 

potential end users and then moving to market segmentation and developing the product 

configuration assumes that at least part of the innovation or technological capabilities is 

known already at the ideation phase and the product configuration is later tweaked to 

accommodate the results of the market research. This indicates that in innovation 

commercialization, such as university research cases, the commercialization is not entirely 

customer need driven, but that at least part of the product configuration must be known 

before innovation is being commercialized through an adopted customer-driven approach. 

Indeed, Pullman et al. (2003) suggests that the QFD approach, which highlights the 

importance of customer needs, should be complemented with methods that can consider 

market reaction to design changes. Multiple criteria decision-making can be used to evaluate 

any number of alternatives, such as products on the market, relative to one another based on 

any number of different criteria. This method is suitable for simulating market reaction to 

product design changes by implementing different variations of the product being developed 

and evaluating their performance when the customer is the assumed decision-maker 

comparing different products on the market. 

The research indicates a gap in using a decision support system to find the product 

configuration and the market segments in which this configuration would satisfy the 
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customer preferences better than the competitors. Therefore, a decision-support system is 

built in this paper that utilizes customer preferences to find optimal combination product 

configurations and market segments using a multiple criteria decision-making system. 

 

1.2. Purpose and structure of the paper 

The aim of this paper is to build a customer-driven decision-support system for product 

configuration and market segment selection purposes. This model is built as case study on 

research originating technology commercialization project looking to identify a potential 

market segment for a novel handheld radiation detector, as well as find the configuration of 

product attributes that satisfy this segment sufficiently to be competitive. This decision-

support model therefore aims to answer the critical question of new technology 

commercialization: 

Which market segment should the research project target and with which product feature 

configuration to be competitive in terms of satisfied customer preferences? 

In practice, different variations of the final product configuration are fed into a multiple 

criteria decision-making model to be evaluated among the competing products in terms of 

customer preference satisfaction. The criteria weights used in the model are calculated from 

the end user preferences. Different products and case product variations are the alternatives 

being evaluated according to the criteria. This model will serve as decision support for 

selecting the market segment to enter with the product (targeting) and developing the right 

product attributes to satisfy that segment (differentiation). 

The paper begins by laying out the theoretical framework for the model and then introduces 

the methods used to build the model. The theoretical framework is developed by 

incorporating theories related to market segmentation, targeting, differentiation and 

positioning and customer preferences. Next, the material gathered for the business decision-

making problem is presented. Thirdly, the decision-support system is used to evaluate the 

product alternatives in each market segment. Finally, suggestions are made for the research 

project team according to the results and the results and limitations or shortcomings of the 

system are discussed. 
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1.3. Delimitations 

While this paper utilizes the theoretical marketing framework of segmentation, targeting, 

differentiation and positioning, the decision-support system built in this paper focuses on the 

targeting and differentiation sections where the market segment is selected. This paper 

considers other aspects of the framework as supporting sections, as segmentation is a logical 

predecessor process and differentiation is a logical successor process to targeting process. 

Therefore, segmentation and differentiation processes are not extensively studied, but are 

merely generally utilized to provide support for the targeting process. In addition, the 

decision-support system built in this paper is limited to applications where the features of 

the products that are being evaluated are either known or can be evaluated to a sufficient 

degree. This paper assumes that the entire competitive landscape or a sufficiently large 

proportion of the market in terms of products on the market can be mapped for evaluation. 

In addition, the competitive market is limited to the European and North American regions 

since data from these regions was easier to obtain. 

1.4. Case background 

Materials producing ionizing radiation are widely used in various industries. Applications, 

such as medical therapy, industrial processes, and nuclear energy aim to harness the power 

of this high-energy radiation in a controlled setting. Homeland security and defence on the 

other hand aim to minimize threats of uncontrolled radiation. These applications all need to 

detect, measure, or identify ionizing radiation for instance to prevent serious health hazards 

to life. Detecting, measuring, and possibly identifying radiation is a crucial action in these 

applications, whether the purpose is to improve processes or minimize radiation exposure to 

people. Gaining insights into these different fields and applications, what their needs are and 

what the current market solutions are can improve the process of harnessing innovative 

radiation detection capabilities. 

A case research project from LUT University is looking to commercialize a handheld 

radiation detector device which incorporates next generation sensing capabilities. According 

to the research project, the novelty of the device arises from its ability to detect all radiation 

types (alpha, beta and gamma) in a light and small size. A competitive landscape was 
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mapped for the purpose of this study, consisting of nearly all handheld radiation detectors 

on the market that combine either alpha, beta and gamma or beta and gamma radiation type 

detection capabilities. Product features that were most included in the product specification 

sheets were obtained to form a dataset of competing devices on the European and North 

American markets.  

While the competitive landscape is known, both the market needs and wants, as well as some 

of the product features and parameters are quite unknown to the research team. For this 

reason, the final product configuration and the market segment is yet to be decided. While 

the project has an initial product configuration and ideas in mind as to which direction the 

product features could be developed, the case product does not yet entail all potential features 

and has not undergone official performance tests. Therefore, the product features and 

performance test results must be acquired through best-guess techniques. Furthermore, the 

competitiveness of product features and the potential market response have produced 

uncertainty in the commercialization process. The team wants to map and evaluate the 

preferences of different end users and possibly develop the final product features and 

parameters according to these preferences. In addition, the research project wants to find a 

niche or segment to target initially. The new product should be competitive in this market 

segment in terms of satisfied customer preferences to be a viable option as a target market.  
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2. Theoretical framework 

The decision-support system of this paper is built on the theoretical marketing framework of 

segmentation, targeting and differentiation & positioning. First, a brief market analysis is 

conducted to the radiation detection and monitoring industry, including mapping end user 

preferences through an interview phase with end users of handheld radiation detectors. 

Afterwards, the marketing framework segmentation, targeting, differentiation and 

positioning (STDP) is adapted to the decision-support system context. Thirdly, the methods 

surrounding decision-making models, such as customer requirement mapping, and multiple 

criteria decision-making models and sensitivity analysis are examined. 

2.1. Radiation detection & monitoring market 

The first step before market segmentation is to define the initial market to study (Lamb et 

al., 2003) through collecting and analysing the data from this market. This is done by gaining 

an understanding of the entire market and the customers, including their requirements, wants, 

and behaviours through market analysis. Market analysis can be conducted using market 

research reports, customer surveys, focus groups, or industry analysis. 

Figure 1 shows the estimated global annual market for radiation detection and monitoring. 

Rajaram (2019) from BCC Research estimated the market to reach 39 billion USD in 2024 

with homeland security applications dominating the market at 14.7 billion USD followed by 

medical applications at 10.6 billion USD and industrial applications at 6.5 billion USD. The 

average annual growth rate of the market was calculated by Rajaram to be 4.1% (Appendix 

1). 
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Figure 1. Estimated global market for radiation detection and monitoring by industry and 

application in 2024, USD M (Rajaram, 2019). 

As the case device incorporates multiple sensor materials, such as solid-state semiconductors 

and scintillator materials as crucial technologies in the product, insight into the market 

development of these core technologies is warranted. Solid-state detectors are sensors 

usually consisting of semiconductor materials, converting radiation into electric signals. 

Scintillating materials on the other hand convert radiation to light, which is converted to 

electric signal with photomultipliers. Past studies on the technical possibilities and 

limitations for detectors utilizing solid-state semiconductor materials have highlighted some 

market applications for these materials. Szeles (2004) found that CdTe and CdZnTe find x-

ray and gamma ray detection applications in industrial monitoring, gauging, and imaging, 

medical imaging, nuclear safeguards, and non-proliferation and in transportation security 

and safety.  Del Sordo et al. (2009) highlighted the benefits of CdTe and CdZnTe detectors 

in a few astrophysical and medical applications, such as satellites, telescopes, PET scanners 

and mammographs. 

2.2. Customer preferences 

Companies should prioritize the fundamental activity of discovering customer problems and 

their magnitude. By gaining a clear understanding of the tasks and objectives that their 

customers are trying to accomplish, as well as the obstacles they face, managers can 
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significantly enhance their prospects for growth (Ulwick, 2019, p. 3). Customer preference 

information can be used to make decisions regarding the product design and target market 

segment decisions. When customer preferences are measured, a quantifiable link can be 

established between customer preferences and the product design specifications or other 

parameters of the product (Clausing, 1994; Yamashina et al., 2002) This process can allow 

the company to estimate the potential level of customer satisfaction with the product and 

consequently the potential need for the product as well. One structured and systematic 

method of quantifying customer preferences are preference weights. Preference weights are 

numerical values in the range of 0 to 100% assigned to each feature or characteristic of a 

product, indicating their relative significance to each other. Preferences for product features 

can be compared using relative preference weights. Decision-maker weights are widely used 

in multiple-criteria decision-making (MCDM) problems as the weights of criteria used to 

evaluate a set of alternatives. 

 

2.3. STDP framework 

In this section, a theoretical framework for the decision-support system is formed by 

adapting the marketing framework STDP (segmentation, targeting, differentiation and 

positioning) to new product development and targeting decision support system context. The 

segmentation process includes dividing the market to smaller sections for efficient marketing 

purposes, targeting includes the selection of the market segment, and differentiation & 

positioning includes selecting the product configuration that achieved competitive advantage 

in terms of satisfied customer preferences. 

The STDP is a widely adopted marketing strategy for segmentation, targeting, 

differentiation, and positioning a product or service in the markets. Segmentation is the 

process of dividing the total market to smaller segments. Targeting consists of the evaluation 

of the market segments and selecting the most desirable to focus on. Differentiation and 

positioning are often used conjointly, which involves creating a unique value proposition to 

the customers to differentiate the product in the markets. (Kotler, 2017) Figure 2 highlights 

the STDP framework adapted to the context of decision-support systems in new venture 

commercialization. End user interview material can be included in the framework for the 
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purpose of market segmentation and customer preference mapping. Criteria weights for 

multiple criteria decision-making models (MCDM) is acquired from these customer 

preferences. In addition, product data is processed to be used as evaluation criteria in the 

MCDM’s. Targeting section involves using this input data on MCDM’s, where the identified 

market segments are used as decision-makers evaluating the case product and the products 

on the market, based on their evaluation criteria. Finally, the performance of the case product 

in these decision-making problems is analysed and suggestions on potential target market 

and product parameters are made for the research project based on the performance of the 

case product among the different market segments. 

 

 

Figure 2. Decision-support system for new venture commercialization. Adapted by Pajula 

(2023) from STDP framework by Kotler (2017). 

Having effectively segmented the market into meaningful groups, the customer preferences 

of each segment can be analysed to assist in identifying the most potential segment in terms 

of satisfied customer preferences.  
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2.3.1. Segmentation 

Market segmentation entails the division of a large, diverse market into smaller, similar, 

meaningful, and identifiable groups of consumers (Zikmund, 1999). Several benefits entail 

market segmentation. Through segmenting process, companies can identify the specific 

customer needs, wants, and behaviours within each segment, which allows them to tailor 

their products and services to meet the unique requirements of each segment (Levitt, 1983; 

Wood, 2004; Kotler, 2017). Customers are generally also willing to pay a premium for 

products that satisfy their needs (Craft, 2004). Bonoma et al. (1983) highlight market 

segmentation as the “core of good industrial marketing”. Market segment selection is 

considered a critical management decision as the selection allows the organization to reach 

higher returns on marketing investments (Martin, 2011). 

Market can be segmented based on the end use characteristics, such as usage patterns or 

usage situations (Haley, 1985, as cited in Weinstein, 2004, p. 107). Green et al. (2004, as 

cited in Wang & Yannou, 2010, p. 4) have coined the term usage context and define it as 

“the unique combination of application and environment in which a product is used”. End 

users that share a similar usage context, can be grouped into the same segment. Usage 

context in the case of handheld radiation detectors was obtained from the handheld radiation 

detector end user interview material. The end users are assumed to be valid representative 

of their respective usage context segments.  Based on the end use descriptions, 4 different 

usage contexts were identified for handheld radiation detectors. 

1. Source Search & Survey 

a. For locating a suspected radioactive source, measuring its activity levels, and 

potentially identifying the nuclide 

2. Shielding Quality Assurance 

a. For monitoring the leakage through the shielding of radioactive sources in 

maintenance and quality assurance situations 

3. Personnel Protection 

a. For monitoring the effective dose of people in first response or routine 

inspections 
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4. Surface Contamination 

a. For locating, measuring, and possibly identifying radioactive particles on 

surfaces suspected of contamination. 

 

Each end use context was obtained by examining the description of the operative situation 

in which a handheld radiation detector is used in. If the end use description shared similarities 

in terms of the purpose of the detector usage, they were grouped together. The usage contexts 

can roughly be divided into situations where the radiation source location is known and to 

situations where it is unknown. In known location situations, the primary task is the detection 

of radiation, and the secondary task is to measure its intensity. For instance, in scrap yard 

radiation source detection situations the suspected radiation source is attempted to be located 

by detecting radiation. In unknown location situations, the primary task is to measure the 

intensity of the known or assumed radiation source location. 
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3. Methods and data 

The decision-making problem of this paper utilizes interview and product configuration data 

as the input data. Interviews were conducted for both handheld radiation detector end users 

from different fields of applications as well as for the product development team of the case 

research project. Potential end users provided their preferences regarding handheld radiation 

detector features or characteristics. The product dataset is a dataset consisting of the product 

configurations of the identified potential competitor products in the European and North 

American markets as well as the different product configuration variations of the case 

product. This information was acquired from the research project team. 

 

3.1. Multiple criteria decision-making models 

This paper utilizes a relative type of multiple-criteria decision-making model to evaluate the 

market products from the perspective of the segments, as well as different variants of the 

case product for each market segment. The most potential target market segment and case 

product configuration is attempted to be identified by finding which product variant 

performed the best on which market segment among the competing alternatives. The overall 

evaluation of the alternative in the MCDM is used as the performance measure, where the 

higher the overall evaluation, the better it fulfils the needs of the customer. 

Multiple-criteria decision-making models (MCDM) are used in decision-making situations 

where multiple alternatives must be evaluated based on multiple different evaluation criteria. 

Multiple-criteria decision making model can be initialized with a decision matrix where rows 

are the different alternatives being evaluated and columns are the criteria used for evaluation. 

The matrix values are the values each criterion have for each alternative. In this paper, a 

relative type of evaluation of products is conducted. Relative evaluation of an alternative is 

dependent on the reference framework, which means the evaluation of a product can change 

with the addition or removal of alternatives (Stoklasa, 2016). The benefit of using relative 

type evaluation in this decision-making problem is that it considers differences between the 

products. Using the differences between the products is crucial in this decision-making 
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problem since the products must be evaluated in relation to the competition in the market. 

The decision-matrix formed in this paper utilizes every possible case product configuration 

variant, as well as nearly all products in the handheld radiation detection markets that can 

detect and/or measure multiple radiation types. 

Criterion can be of benefit- or cost-type. Benefit type criterion is a value which increases the 

desirability of an evaluation the higher the value is. Cost type criterion are the opposite, 

where the desirability of an evaluation increases the lower the value is. Table 1 presents the 

basic structure of a decision matrix where 𝐶𝑗 are criteria, 𝑒𝑖𝑗 is the standardized evaluation 

of alternative i with respect to criterion 𝐶𝑗 , where 𝑖 = 1, … , 𝑙, 𝑗 = 1, … , 𝑘 and 𝑒𝑖 is the overall 

evaluation of alternative i, where 𝑖 = 1, … , 𝑙. The different alternatives are ranked according 

to the overall evaluation of the alternative (Equation 1). 

 

Table 1. Basic structure of a decision matrix 

 𝑪𝟏 𝑪𝟐 … 𝑪𝒌 overall evaluation 

Alternative 1 𝑒11 𝑒12 … 𝑒1𝑘 𝑒1 

Alternative 2 𝑒21 𝑒22 … 𝑒2𝑘 𝑒2 

… … 

 

… … … … 

Alternative l 𝑒𝑙1 𝑒𝑙2 … 𝑒𝑙𝑘 𝑒𝑙 

 

Equation 1. Overall evaluation of alternative in decision matrix 

𝑒𝑖 = 𝑓(𝑒𝑖1, … , 𝑒𝑖𝑘) 

for all i = 1, …, l 

 

The multiple-criteria decision-making model utilized in this paper considers multiple 

rational decision-makers, which are the end users of each segment. Their preference weights 

are used as the inputs in the model. Often it is necessary to transform each value to numeric 

type and standardize them in the same scale to perform comparable calculations. These 

methods require that the criteria on which the alternatives on the market are compared can 
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be standardized and ordered in terms of how good or bad the alternative is in relation to 

another alternative. Handheld radiation detectors are suitable products to undergo an 

analytical comparison, since they possess highly technical features, often already in 

quantitative and moderately standardized format, relatively easily accessible through the 

datasheets of the manufacturer. This means that it is assumed that all, or nearly all relevant 

decision-making criteria can be quantified and therefore are included in the alternative 

evaluation. Secondary services, such as maintenance services or product guarantees or other 

criteria such as brand are not considered in the alternative evaluation, since the research 

project is specifically interested in finding the technical configuration of product features 

and parameters that satisfy each market segment. Moreover, end user interviews conducted 

for this paper indicated that detecting radiation almost always is a secondary operation. 

Therefore, it can be assumed that this detection should not come at any cost and price of the 

product is a relevant factor influencing the purchasing decision. 

 

3.1.1. Sensitivity analysis 

Sensitivity analysis can be used in conjunction with multiple-criteria decision-making for 

testing the robustness of the model to changes in certain parameters. Sensitivity analysis is 

generally a technique used to analyse potential outcomes of a decision or action by 

considering multiple different outcomes that the decision-maker is expecting to happen. 

Based on the outcomes, the decision-maker can choose a course of action that produced the 

most desired result. 

In MCDM situations, a model parameter that can be expected to change can be altered to 

establish the decision-making model’s sensitivity to that parameter. First, the parameters 

expected to be under uncertainty must be decided. Next, the possible ranges of values are 

determined: whether the parameter values are expected to increase or decrease and to what 

extent. Finally, the results of the sensitivity analysis are interpreted by graphing how the 

ordering of the alternatives changed under the changed parameters. In this paper, sensitivity 

analysis is conducted by changing the weights of the criteria in each segment, since the 

preference weights varied substantially within the segments. Different end users belonging 

to the same usage context applied different weights to the decision-making criteria, 
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indicating that the overall evaluation of the alternatives can change within the segment. The 

possible range of values in the sensitivity analysis are the minimum- and maximum weight 

attributed each criterion within that segment. 

3.2. K-nearest neighbors imputation 

K-nearest neighbors (KNN) is a suitable method for dealing with missing numerical values 

in the product dataset. KNN is a method used to identify the nearest neighbors of a numerical 

data point based on a similarity metric, such as Euclidean distance. The value of k can be 

determined by analysing which k resulted in the most desired outcome using cross-

validation. Imputing is the process of replacing missing values with a numeric value. KNN 

imputation is a commonly used, robust method for estimating missing values where the 

missing values are imputed by copying values from records that have similar attributes in 

the dataset (Troyanskaya, 2001; Jadhav, 2019).  

The process of KNN imputation involves selecting the similarity metric, as well as the 

number of neighbours k. Euclidean distance is commonly used to calculate the distance 

between two numbers and stratified k-fold cross-validation is used to determine the optimal 

number of neighbors k. In KNN imputation, the nominal values are converted to dummy 

variables to receive numerical values (0,1). In k-fold cross-validation the dataset is split into 

k number of folds randomly and then training the model on k-1 folds and testing on the 

remaining fold (James et al., 2013, p.181). The accuracy of the model can be logged by 

comparing the imputed values to the true values with, for instance, mean squared error. This 

comparison can be made by creating a test set that involves some known values and 

comparing the model’s results to those. The cross-validation and folding can be repeated 

multiple times with different number of neighbors to find the k number of neighbors that 

resulted in the highest accuracy score. 

 

3.3. End user interviews 

The end user interview process consisted of first establishing the region and industries to 

interview. Secondly, several companies from this region and these industries were 
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approached to find companies that used handheld radiation detectors in their operations. The 

companies found were not assumed to be a representative group of the entire handheld 

radiation detector end user markets but were assumed to provide enough information for the 

case research project to find a potential market segment. After finding companies and 

organizations that used these handheld devices, interviews were agreed on. End user 

interviews were conducted partly as structured and partly as semi-structured interviews to 

obtain industries, market applications, usage contexts and preferences for different device 

features in different operational situations. The semi-structured interview was conducted for 

the purpose of mapping different operational contexts for market segmentation. Structured 

interviews were conducted to obtain preference weights for the decision-making model. 

Finland was selected as the region of interest, as the case project is looking to initially launch 

the product in Finland. End user companies were found by identifying which industries and 

sectors deal with ionizing radiation and what are the applications for handheld devices 

detecting, measuring, or identifying this type of radiation. The companies were approached 

with emails and phone calls and the interviews were conducted both virtually online or on-

premises with the company representative most knowledgeable of handheld radiation 

detectors and what preferences they might have for those devices. Some of the structured 

interview answers were obtained so that the primary interviewee supplied the structured 

interview form to another employee in their organization for their opinion. To be able to 

relatively compare the product alternatives on the market, the product features being 

weighted by the interviewee were determined by analysing the product specification sheets 

and papers of competing products on the market and including only the features and 

parameters that were most commonly included in them. 

Interviews were conducted for various Finnish companies and their representatives from 

August 2022 to January 2023. The interviews were conducted so that the semi-structured 

form, Questionnaire Form 1 (Appendix 2) and the structured form Questionnaire Form 2 

(Appendix 3) were supplied to the interviewee before the interview so that they could prepare 

to answer the questions. The interview began with the semi-structured form, where the 

interviewer asked the questions one by one and took notes of the answers. In the semi-

structured interview phase the interviewees were asked to describe operational situations 

where handheld radiation detectors were needed. In total 8 different end use cases were 

described by 6 end user companies (abbreviated from A to F) from 3 industries and 5 
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different market applications (Table 2). Therefore, the results of this study can be assumed 

to be relevant only for these 5 market applications. 

 

Table 2. End use descriptions obtained from end user interviews. 

 

End use description Industry Market 

application 

Company 

Scrap yard radiation source detection Homeland 

Security 

Other homeland 

security 

A, B, F 

Protective room scanning in x-ray 

irradiator situations 

Medical Other medical B 

Maintenance- and quality assurance 

measurements for x-ray irradiators 

Medical Other medical C 

General radiation detection & measurement 

device for dose rate measurements 

Medical Radionuclides for 

imaging devices 

D 

Various routine- and non-routine 

contamination measurements 

Medical Radionuclides for 

imaging devices 

D 

Maintenance- and quality assurance 

measurements for industrial irradiators 

Industrial Other industrial B 

Suspected radiation source in operative 

situations 

Homeland 

Security 

First responders E 

Suspected contamination situations Homeland 

Security 

First responders E 

 

Afterwards, the interviewee was asked to fill the structured form according to the 

instructions on it. In the structured phase, they were asked to assign preference weights for 

detector features in these operational situations. The end user’s preference for each device 

feature was obtained by asking them to attribute a weight for each feature on a 0 to 100% 

scale. The features that the interviewees evaluated were selected by analysing the features 

of the handheld radiation detectors on the market and selecting the most common ones 

presented in the product datasheets. These were battery life, wireless data transfer, device 

weight, retail price, heat resistance, cold resistance, effective dose measurement, isotope 

identification and measurement efficiency. In addition, the interviewees were asked to 

evaluate the importance of different radiation types (alpha, beta, gamma, neutron, x-ray) in 
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these cases. In a similar manner to device features, each radiation type’s importance in their 

operations was attributed a weight on a 0 to 100% scale.  

Since some end use descriptions had multiple interview responses from the same company 

(multiple employees evaluated the preference weights), the weights for each identified 

segment were averaged to not skew the results towards end use descriptions that were 

overrepresented in the interview process. The differences within these segments were 

accounted for by conducting a sensitivity analysis on changing the weights within segment 

on the outcome of the overall evaluations of the alternatives in the MCDM. Furthermore, 

measurement efficiency by itself is not a suitable criterion since devices have different 

measurement efficiencies for different radiation types. For it to provide relevant information, 

it must be connected to a radiation type. Therefore, the preference for measurement 

efficiency was accounted for by combining it with the importance of measuring each 

radiation type. For instance, alpha efficiency for each end user was obtained by multiplying 

the preference weight for measurement efficiency with the preference weight for alpha 

detection/measurement. The same procedure was conducted for beta efficiency, gamma 

sensitivity, as well as neutron and x-ray measurement capabilities. This method does not 

affect the weight of the measurement efficiency since it merely distributes the weight of 

measurement efficiency along these different radiation types. 

It appears that preferences for detector features highly depend on its intended end use as 

there is much variation among the responses. Retail price, measurement efficiency and 

effective dose measurement appear to be the most preferred features. 

 

3.4. Case product dataset 

Product configurations for the case product were obtained from the product development 

team. Since the case product does not yet entail all potential features and has not undergone 

official performance tests, the proxy for that data must be acquired through best-guess 

techniques. The product development team is part of the case research project and can 

provide expert insight into what features and characteristics the final product might entail 

and what its potential capabilities in terms of product performance might be. The parameters 
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can be used in the decision-making process by testing the performance of the case product 

variations under each market segment.  

The interview for the product development team was conducted as a structured questionnaire 

(Appendix 4). The product development team was asked to provide parameters for the 

maximum battery life, device weight, retail price, alpha & beta efficiency, gamma 

sensitivity, minimum operating temperature, and maximum operating temperature in best, 

normal and the worst-case scenarios. In addition, the product development team was asked 

to provide information whether wireless data transfer, radionuclide identification, effective 

dose measurement, x-ray measurement or neutron measurement features can be 

implemented in the product. 

The team provided their best guess estimates for the parameters and estimated that all 

features except for neutron measurement can be implemented in the final product. The 

product features that the product development team estimated to be under uncertainty were 

radionuclide identification, effective dose measurement and x-ray measurement. The 

development of wireless data transfer and neutron measurement were not estimated to be 

under uncertainty. The product development team was unable to give reliable estimates for 

alpha- and beta efficiency or the gamma sensitivity. In addition, while the product 

development team was considered to possess the necessary knowledge of the product’s 

pricing decisions, they were unable to give reliable estimates on the retail price. (Appendix 

5). For the other product parameters, the team estimated that, for instance, maximum battery 

life would be less in worst-case scenario and total weight would be more than in normal- 

and best-case scenarios. 

8 different combinations of the 3 product features that the product development team 

estimated to be under uncertainty were created for each scenario. The combinations were 

formed by assuming that 3 features can have one of two states, either 1 (implemented) or 0 

(not implemented). This creates 8 combinations through the equation 23 = 8. In addition, 

the product development team estimated worst-, normal- and best-case scenarios for the 

product parameters. Each product configuration variation can have one combination of 

product features (from total of 8) and the product parameters can be either worst-, normal- 

or best-case parameters. In total, this formed 24 different product configuration variations 

through the equation 8 ∗ 3 = 24. The dataset also includes other case product identifying 
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characteristics; the reader model, probe model (the product does not have a probe) and the 

manufacturer. 

 

3.5. Market product dataset 

The market product dataset consists of 96 observations and 18 variables, where observations 

are the identified handheld radiation detector devices on the European and North American 

markets and the variables are identifiers, characteristics, and features of the product. This 

dataset is later combined with the case product dataset for the decision-making problem. The 

products in the dataset were obtained through a competitive landscape analysis where 

different handheld radiation detectors detecting alpha, beta and gamma or beta and gamma 

radiation were identified by searching through the product portfolios of manufacturing 

companies. In total, 3 variables identifying the device; the reader- and probe model and the 

manufacturer, 3 variables describing device characteristics and 13 variables describing its 

features were identified. These features and parameters are used as the representatives of the 

evaluation criteria in the decision-making model. The variables used are described in Table 

3. 

 

Table 3. Descriptions, data types and units of product features in the market and case 

product dataset 

Variable Description Scale Unit 

Reader model Model of the reader unit Nominal - 

Probe model Model of the possible external detector unit Nominal - 

Manufacturer Name of the manufacturer company Nominal - 

Detector assembly Detector assembly type: stand-alone or probe Nominal - 

Device type Purpose of the device (survey meter, dosimeter etc.) Nominal - 

Radiation types Types of radiation device can detect or measure Nominal - 

Wireless data 

transfer 

Capability to transfer data wirelessly Binary 0,1 

Radionuclide 

identification 

Capability to identify radionuclides Binary 0,1 

Effective dose 

measurement 

Capability to measure effective dose rate Binary 0,1 
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X-ray measurement Capability to detect or measure x-ray Binary 0,1 

Neutron 

measurement 

Capability to detect or measure neutron Binary 0,1 

Max battery life The maximum battery life Ratio h 

Total weight The devices weight including possible probes Ratio g 

Retail price Retail price of the device Ratio € 

α-efficiency Efficiency to detect alpha radiation particles Ratio % 

β-efficiency Efficiency to detect beta radiation particles Ratio % 

γ-sensitivity (Cs-

137) 

Sensitivity to Cesium-137 gamma radiation Ratio CPM/mR/

h 

Min temperature Minimum device operating temperature Interval °C 

Max temperature Maximum device operating temperature Interval °C 

 

 

Reader- and probe model describe the model of the reader or the device itself and the model 

of its external probe where the detector is located. Some have an in-built detector inside the 

reader and some detectors utilize an external probe device connected to the reader where the 

detector is located. Manufacturer is the company that manufactured the device. Detector 

assembly, device type and radiation type are categorical variables describing the device 

characteristics. Detector assembly tells whether the device has an in-built detector sensor or 

if it is operated via an external probe connected to the reader monitor. Device type is the 

industry categorization or the intended technical purpose of the device, such as a survey 

meter where radiation is detected and the count or the accumulated dose of the radiation is 

measured. Radioisotope identifiers are devices where the source isotope of the radiation is 

identified based on the characteristics of the emitted energy. Radiation type indicates 

whether the device detects alpha, beta and gamma or only beta and gamma radiation.  

The rest of the variables represent the features of the device. Wireless data transfer, 

radionuclide identification, effective dose rate measurement, x-ray measurement and 

neutron measurement are binary variables that receive values 0 or 1, where 0 means this 

device does not have that feature and 1 means that it does. Wireless data transfer indicates 

the device’s capability to transmit the measurement readings wirelessly to an external 

database, network, or analysis software. Radionuclide identification is the capability of the 

device to identify which isotope is the source of the radiation and display it to the user. 

Effective dose rate measurement is the device’s capability to measure the accumulated dose 
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of the radiation. X-ray and neutron measurement variables indicate whether the device can 

detect or measure these radiation types. Rest of the variables are continuous variables of 

various units. Max battery life is the maximum battery life in hours that the device can reach 

with different setting configurations according to the manufacturer. Total weight is the 

device plus optional probe weight in grams. Retail price includes one identified retail price 

in Euros. Efficiency tells how efficiently the device can detect the emitted alpha or beta 

radiation from the source displayed in percentages. If the device does not, for instance, have 

an alpha detection capability, it receives the value 0 for alpha-efficiency. A theoretical, but 

almost a practical impossibility of 100% efficiency would mean that the device can detect 

all particles that the source isotope material emits. The gamma sensitivity of the detector is 

displayed in counts per minute per milliroentgen per hour. Roentgen is the measurement unit 

for exposure rate to radiation, essentially telling us how much of the air would be ionized if 

radiation was present to free electrons from their atoms. Maximum and minimum operating 

temperature indicate the typical operating range of the device in degrees Celsius. 

 

3.6.  Decision matrix 

The case- and market product datasets were adapted into a decision-making matrix 

consisting of the products on the market and the different case product variations as the 

alternatives and the product features and performance parameters as the evaluation criteria. 

The decision matrix formulation process includes assigning product variables to evaluation 

criteria, standardizing the decision matrix, and treating it for missing values. In total, the 

decision-making matrix is a 120 x 13 matrix, consisting of 96 different handheld device 

alternatives on the market, 24 different variations of the case product and 13 evaluation 

criteria. 

 

3.6.1. Evaluation criteria 

The completed dataset was modified to include only the variables that best correspond to the 

device features that the end users evaluated during the interviews. The results of the variable-

criterion assigning are presented in Table 4. The first row presents the criteria that the end 
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users evaluated based on relative importance. The second row presents the product variable 

that is used in the decision-making model to represent this criterion. 

 

Table 4. Assigning of product features to evaluation criteria. 

Product variable Criteria Type 

Battery life (h) Battery life Benefit 

Wireless data transfer (1,0) Wireless data transfer Benefit 

Device weight (g) Device lightness Cost 

Retail price (€) Price Cost 

Max temperature (°C)   Heat resistance Benefit 

Min temperature (°C)   Cold resistance Cost 

Effective dose measurement 

(1,0) 

Effective dose measurement Benefit 

Radionuclide identification (1,0) Radionuclide identification Benefit 

(Used as aggregate below) Measurement sensitivity Benefit 

α-efficiency (%) Alpha sensitivity Benefit 

β-efficiency (%) Beta sensitivity Benefit 

γ-sensitivity (Cs-137) 

(CPM/mR/h) 

Gamma sensitivity Benefit 

Neutron measurement (1,0) Neutron sensitivity Benefit 

X-ray measurement (1,0) X-ray sensitivity Benefit 

 

The criteria in the decision matrix are quantitative in nature and can be divided into benefit-

type and cost-type criteria. Total weight, retail price, and minimum operating temperature 

can be classified as cost-type criteria regardless of the decision makers preferences since 

higher values in these features can be seen as undesirable. Rest of the variables are benefit-

type criteria. Battery life, wireless data transfer, price, effective dose measurement and 

radionuclide identification criterion are directly represented by the dataset’s variables 

corresponding to these features. Device lightness is represented by the device total weight, 

and heat- and cold resistance criterion are represented by the maximum- and minimum 

operating temperature variables respectively. Gamma sensitivity criterion is represented by 

sensitivity of the device to Cesium-137 gamma radiation, measured in counts per minute per 
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milliroentgen per hour. Sensitivity criteria for alpha and beta radiation criteria are 

represented by the alpha- and beta efficiencies of the product. 

Several assumptions were made in assigning product variables to the criteria, especially 

among the performance parameters. For all variable-criteria assignment, we assume that the 

end users consider these product variables to be valid representatives of their criteria. It is 

assumed that the end users are indifferent in preference between different radionuclides 

emitting alpha- and beta particles or gamma radiation. The gamma sensitivity product 

variable has been measured according to the devices ability to measure the gamma radiation 

emitting only from Cesium-137 sources. By assigning this variable to the end user criteria 

for gamma sensitivity, we assume that the end users are indifferent in preference between 

different gamma emitting radionuclides. In addition, devices have different efficiencies for 

different radionuclides; therefore, the different radionuclide efficiencies were aggregated as 

average efficiency for alpha and beta radiation, where x is the radionuclide efficiency and n 

is the number of different radionuclide efficiencies for that radiation type (Equation 2). For 

instance, there can be two different efficiencies for alpha emitting radionuclides, such as 

Am-241 and Pu-239. Assigning this product variable to the alpha- and beta efficiency criteria 

assumes that the end users are indifferent in efficiency preference between all alpha and beta 

emitting radionuclides and would evaluate the criteria for that radiation type in general. 

 

Equation 2. Alpha- and beta efficiency aggregation to mean. 

𝑥̄ =  
1

𝑛
∑ 𝑥𝑖

𝑛

𝑖=1

 

 

These assumptions limit the reliability of the results especially in segments where the 

radiation type is assumed to be known (such as Shielding Quality Assurance), since in those 

usage contexts, the end user would likely not be indifferent between different radionuclide 

efficiencies and would prefer devices that can detect or measure the known radionuclide 

efficiently. However, the indifference assumption is made since the manufacturers usually 

display the efficiencies for the most common radionuclides, not all possible radionuclides in 

the product datasheets. This indicates that the displayed efficiencies are a reference to the 
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device’s measurement efficiency in general or in most common situations for that radiation 

type. Therefore, it is assumed that the end user would not be able to, in all possible situations, 

comparably prefer one device to another and would have to, in many situations, compare the 

devices on their general efficiencies for detecting or measuring the desired radiation type. 

This assumption is supported by the end user interviews, where the interviewees did not 

specify radionuclides that were of particular interest and weighted the efficiency criteria with 

the generality assumption.  

 

3.6.2. Criteria evaluation standardization 

The criteria evaluations need to undergo standardization to be able to be compared to one 

another. The ratio scale values of the decision-making matrix were converted to the same 

scale using an absolute-type standardization method: partial goals standardization. 

Partial goals method is an absolute type of method where each variable belongs to a pre-

determined evaluation scale. This scale requires expert input on the worst and best values to 

consider. The values are standardized according to the best and worst values on a pre-

determined evaluation scale ( 

 

Equation 3). Where 𝑥𝑗
0 is the worst value, (minimum value of the evaluation scale in benefit-

type criteria and maximum value in cost-type criteria) and 𝑥𝑗
∗ is the best value (maximum 

value in benefit-type criteria and minimum value in cost-type criteria) of the evaluation scale 

for criterion j. 

 

Equation 3. Partial goals standardization 

𝑒𝑖𝑗 = 𝑆𝑇(𝑥𝑖𝑗) =  
𝑥𝑖𝑗 − 𝑥𝑗

0

𝑥𝑗
∗ − 𝑥𝑗

0  

 

The evaluation scale for each variable is presented in Table 5. The scales were determined 

according to the usage contexts obtained during the end user interviews in general. While 
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the end users were not asked the ranges for the criteria, it became apparent by analysing the 

usage contexts the general expected ranges of the criteria. If the evaluation value is below 

the worst threshold, it receives value 0 and if it is above the best threshold, the value receives 

the value of 1. 

 

Table 5. Evaluation scales of criteria for partial goals standardization 

Criteria Worst Best 

Max battery life (h) 10 3000 

Total weight (g) 4000 200 

Retail price (€) 6000 200 

Max temperature (°C) 35 70 

Min temperature (°C) 0 -40 

α-efficiency (%) 10 90 

β-efficiency (%) 10 90 

γ-sensitivity (Cs-137) (CPM/mR/h) 100 10000 

 

 

3.6.3. Missing value treatment 

The decision-making matrix consists of missing evaluations for many of the criteria that 

need to be treated properly before building the decision-making model. Variables that had 

missing data and their percentage of the total can be seen in Table 6. Variables describing 

the efficiency of detecting different radiation types were far more prone to missing data than 

variables describing the characteristics of the device, such as type or weight of the device. 

Retail price was missing for some of the devices since many retailers or manufacturers only 

provided price quotes for business transactional inquiries. 

 

Table 6. Dataset variables missing values and their share of the total values. 

Variable with missing values Share of missing values 

Max battery life 5.21 % 

Retail price 14.58 % 

α-efficiency 22.92 % 
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β-efficiency   40.63 % 

γ-sensitivity 42.71 % 

Min temperature 6.25 % 

Max temperature 6. 25 % 

 

 

The missing values can be imputed based on the values that similar devices have on each 

feature. For instance, devices having the same features and weight, and other capabilities 

might also have similar cost and battery life. Other characteristics of the device, such as the 

manufacturer and device type can also be used in the estimation process. The dataset consists 

of multiple devices with the same manufacturer, device type, and similar feature sets. 

Therefore, we can assume that there are similar devices in the dataset to a sufficient degree. 

The Nearest Neighbors Imputation approach was utilized to impute missing values based on 

the standardized values for that methods suitability for imputing numerical values. First, the 

missing values were imputed for the market products based on other market products that 

had a value in that variable. Secondly, 24 sets of products were created for each case variant 

along with all the imputed market products. Then the missing values for that variant were 

imputed based on the market products. The nominal variables manufacturer, detector 

assembly, device type and radiation types were converted to dummy variables, receiving 

value 0 or 1 indicating whether that device belongs to that category. The optimal number of 

neighbors was found using cross-validation on different number of neighbors. The cross-

validation was done using a repeated stratified k-fold with 5 folds and 3 repeats and applying 

the missing data imputation to each fold. The optimal k number of neighbours was found by 

repeating this process for k-numbers 1 to 8 and calculating the mean classification accuracy 

for each k value. The cross-validation suggests that using 5 neighbors is the optimal number 

of neighbors, receiving a mean accuracy of around 85 % (Appendix 6).  Therefore, each 

missing value was estimated by using the 5 nearest neighbors which have a known value for 

that feature. The imputed value was weighted by the Euclidean distance to each neighbor for 

all missing values to estimate the value. 

The case product values are estimates and not accurate parameters of the device. Therefore, 

the values of the case product were not used to impute the missing values for market 

products. Missing values for the case product variants were imputed based on the completed 
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values for market products. In other words, the imputed missing values of the case product 

were dependent on the imputed missing values of the competing products, but not vice versa. 

In addition, the values of the variant should not affect the values of other variants since they 

are conjured variants of one product, not actual products on the market. Therefore, each 

variant’s missing values were imputed independently of other case product variants. 

 

3.6.4. Decision-making model 

The 4 identified market segments can be used as decision makers in the MCDM as they each 

had a set of criteria weights, and the alternatives are evaluated individually for each segment. 

The decision-making model is formed by the following components: a set of n rational 

decision makers P, a set of alternatives considered by a decision maker p, a set of k criteria 

𝐶𝑘 common to all decision makers, a set of k weights 𝑤𝑘
𝑝
 set by the decision maker p. For 

the decision-making problem n = 4, as there were 4 identified segments of handheld radiation 

detection and k = 13, as there are 13 different evaluation criteria and weights. 

𝑃 = {1, … , 𝑛} 

𝑝 ∈ 𝑃 

𝐶1, … , 𝐶𝑘 

𝑤1
𝑝, … , 𝑤𝑘

𝑝
 

The overall evaluation 𝑒𝑖
𝑝
 of an alternative i for decision maker p is calculated as the 

weighted sum of the evaluations 𝑒𝑖𝑗
𝑝  of alternative i for decision maker p (Equation 4). The 

weights are the criteria weights. For this decision-making problem l = 120 for the 120 

alternative products and product variations being evaluated and k = 13 for the 13 criteria and 

weights. The objective function 𝑀𝑝 for decision maker p is to find the alternative with the 

highest overall evaluation. 
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Equation 4. Overall evaluation of an alternative 

𝑒𝑖
𝑝

=  ∑ 𝑤𝑗
𝑝

∗ 𝑒𝑖𝑗
𝑝

𝑘

𝑖=1

 

where 𝑖 = 1, … , 𝑙, 𝑗 = 1, … , 𝑘 

Equation 5. Objective function of a decision maker 

𝑀𝑝 = max(𝑒𝑖) 

4. Results 

Suggestions on the product configuration and the target market segment are made for the 

case project based on the results model. These suggestions include which product features 

the research project should consider incorporating to the final product and which market 

segment to pursue as the initial target market. The process of finding the most potential 

market segment and product configuration based on the competitiveness in that market in 

terms of satisfied customer preferences involves using the decision-making model to 

evaluate product alternatives and ordering these alternatives using the preference weights of 

the end user as the weights of the criteria. This decision-making problem is repeated for each 

identified segment of handheld radiation detection. The alternatives that are evaluated in this 

model include all identified handheld radiation detector devices measuring alpha, beta and 

gamma or beta and gamma radiation on the market as well as different variations of the case 

product, consisting of different product feature and parameter combinations. 

 

4.1. MCDM 

The multiple criteria decision-making model was used to evaluate the product alternatives 

and the performance of the case product for each segment. The performance of the case 

products in these segments is analysed to identify the case product configuration or variant 

that performed the best in each segment. Results of this model are used to suggest the product 
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configuration to develop and market segment to target for the case research project by 

analysing which product configuration performed the best in each market segment. The 

product configuration that obtained the highest evaluation score is suggested. 

The MCDM overall evaluations for each product alternative were calculated as the weighted 

sum. Weights were the average of each segment’s preference weights. The average product 

alternative scores by device type on each segment are presented in Figure 3. In the figure, x-

axis represents the index of the alternative in the dataset and the y-axis the overall evaluation 

of the alternative. The observations are labelled by device type, which indicates the general 

operative purpose of the device.  

 

Figure 3. Overall evaluations of alternatives by device type on each segment 
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Vast majority of the devices in the dataset are digital survey meters. Digital pocket survey 

meters are usually smaller, more affordable versions of digital survey meters. These smaller 

versions appeared to receive higher evaluations, possibly due to the preference towards 

affordability and lightness of the device. One digital pocket survey meter, the RDS-31 reader 

model and its probe variations, performed rather well in each segment, obtaining the best 

evaluation in Source Search & Survey and Shielding Quality Assurance and the seventh best 

evaluation in Personnel Protection. This device was one of the few devices owned Company 

E, which had operative situations representing the Source Search & Survey and Personnel 

Protection segments. This indicates preference towards that device, therefore suggesting 

reliability in the preference weights of the model for those segments. However, while 

RadEye B20/B20-ER was used by Company D for various contamination measurements, it 

received rank 52 in the Surface Contamination segment. 

The alternatives were sorted from the best evaluation to the worst: assigning a rank to each 

alternative from best (1) to worst (97). While there were in total 120 products in the MCDM: 

96 market products and 24 case variants, the ranking was done separately for each case 

product variant, so that the case variant ranks would not affect each other. This was done 

because it is beneficial to evaluate the performance of the case product relative to the other 

products existing on the market. 
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Figure 4. Evaluation ranks of the case product variants on each segment (1 = best, 97 = 

worst). 

 

The ranks of case products were selected for examination to see how the case product 

variants performed on each segment (Figure 4). The highest overall rank (2) was obtained in 

Source Search & Survey segment by variant 3. The second highest rank (3) was obtained by 

variant 2, as well as variant 3 in Personnel Protection segment. Overall, variants 1, 2 and 3 

obtained the three highest ranks in three of the four segments. Variants 7, 8 and 9 performed 

relatively well on Shielding Quality Assurance and Personnel Protection segments. Variants 

4, 5 and 6 on the other hand performed rather poorly, averaging ranks around 50. Variants 

4, 5 and 6 included radionuclide identification features and variants 7, 8 and 9 included 

effective dose measurement. This indicates that effective dose measurement was more 

preferred feature than radionuclide identification. It can be deduced from the results that 

variants 1, 2 and 3, which incorporated all the categorical product features (wireless data 

transfer, radionuclide identification, effective dose measurement and x-ray measurement) in 

the product configuration, performed noticeably better than the rest of the variants. 

Interestingly, variants 2 and 3 performed similarly in Personnel Protection even though 

variant 2 included worst-case product parameters and variant 3 included best-case 

parameters. This means that variant 2 had lower maximum battery life, higher total weight, 
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higher minimum operating temperature, and lower maximum operating temperature, but still 

ranked as high as variant 3. 

4.2. Sensitivity analysis 

To test the robustness of the model, sensitivity analysis was performed. The purpose of the 

sensitivity analysis was to observe the effect of the potential differences in preference 

weights inside the segment on the ranks of the 3 best performing case product variants 

between all the segments. The sensitivity analysis consisted of changing the segment weights 

from the average segment weight to a randomly selected weight in the interval of the 

minimum and maximum weight obtained in the end user preference interviews. The 

randomly selected weights were divided by the sum of the weights, to equal the sum to 100 

%. The sensitivity analysis was conducted as a Monte Carlo simulation of 1000 simulations, 

where the weight was selected randomly from the minimum-maximum interval 1000 times. 

The sensitivity analysis was constructed for each segment weights aside from the Surface 

Contamination segment, as that segment had only one company response, therefore no 

ranges of weights. 

The sensitivity analysis was conducted to examine how the ranks of the best performing 

variants in the model; variant 3 in Source Search & Survey, variant 2 in Personnel Protection 

and variant 3 in Personnel Protection segments changed when the weights within these 

segments were modified. Variant 3 in Source Search & Survey obtained a mean rank of 

11.77 with a standard deviation of 9.40. Variant 2 in Personnel Protection segment obtained 

a mean rank of 4.67 and a standard deviation of 3.44. Variant 3 in this same segment obtained 

a mean rank of 4.96 and standard deviation of 3.97. The most common rank for all the 

variants was 1. () 

 

Table 7) 

 

Table 7. Sensitivity analysis Monte Carlo simulation statistics for the highest-ranking case 

product variants 
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 Variant 3  
(Source Search & Survey)  

Variant 2  
(Personnel Protection) 

Variant 3  
(Personnel Protection) 

count   1000 1000 1000 
mean 11.77 4.67 4.96 
std 9.40 3.44 3.97 
min 1 1 1 
max 40 18 23 
mode 1 1 1 

 

 

Figure 5 presents the sensitivity analysis results for the 3 best performing case product 

variants overlaid on a histogram. While all three variants seem to converge near the high 

ranks, number 1 rank being the most common rank, Variant 3 in Source Search & Survey 

seems to have less simulations in the top 10 and more simulations in the lower ranges. In 

addition, it has the lowest number of simulations ending up at rank 1 out of the three. 

Variants 2 and 3 in Personnel Protection seem to be more robust to the changes in weights 

within their segment, as they have higher mean rank, as well as lower standard deviation. 

Variant 3 appears to have the most simulations ending up with rank 1 as well. 

 

Figure 5. Distribution of best performing case product variant ranks after Monte Carlo 

simulation. 
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According to the sensitivity analysis, the case product variant ranks appear to get varied 

results especially in the Source Search & Survey segment. The differences in rank deviations 

between the segments can be explained by the deviations in weights within the segment. 

Source Search & Survey had larger differences within the preference weights provided by 

the end users than Personnel Protection segment. However, many of the simulations seem to 

converge around the average preference weight and skew towards the desired rank. This 

indicates that the average segment weight moderately generalizes the preferences of that 

segment in the model. Variants 2 and 3 still performed as well in Personnel Protection, 

although variant 2 had parameters in the normal-case scenario. This indicates that if the case 

project aims for variant 3 (best-case parameters), but ends up in normal-case parameters, the 

result would be the same in the Personnel Protection segment. 

 

4.3. Suggestions 

The results indicated that the case product variants 1, 2 and 3 generally obtained the best 

ranks. These are the variants containing all the binary features besides neutron measurement 

(as that was not implemented in any of the variants): wireless data transfer, radionuclide 

identification, effective dose measurement, x-ray measurement. Variant 3 in Source Search 

& Survey obtained the best overall evaluation rank (2) among the product variants and 

segments. Variants 2 and 3 obtained the next highest overall evaluation rank (3). A 

sensitivity analysis was performed to examine the effects of changing the preference weights 

within the segments on the results. In Source Search & Survey segment, the ranks had higher 

volatility to the weights changing than the Personnel Protection segment. Therefore, it can 

be assumed that the variants 2 and 3 in Personnel Protection would be more robust to changes 

in the end user preferences. These two variants performed very similarly in the Personnel 

Protection segment. While variant 3 obtained slightly more number 1 ranks in the 

simulations, variant 2 obtained marginally lower mean rank and standard deviation of the 

ranks in the Monte Carlo simulations than variant. These differences between the mean and 

standard deviation are almost marginal, but the differences between the number of 

simulations ending up with rank 1 is more prominent with around 300 number 1 ranks for 

variant 3 and around 275 number 1 ranks for variant 2. However, variant 2 had normal-case 

parameters, while variant 3 had best-case parameters, but the results were almost identical. 
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This means that with variant 2, the maximum battery life can be lower, total weight can be 

higher, minimum operating temperature can be higher and the maximum operating 

temperature can be lower than in variant 3, but they would perform nearly just as well in 

Personnel Protection segment. This indicates that these are perhaps not highly important 

parameters for this segment. The case project could perhaps even drive down unit costs by 

opting for variant 2, as the device can be a little heavier and does not need to last as long or 

endure extreme temperatures in this segment. 

The results indicate that the most competitive product feature configuration in terms of 

satisfied customer preferences would be variant 3 in the Personnel Protection segment. 

Therefore, the case research project should develop the variant 3 product feature 

configuration and target the Personnel Protection market segment. The result is not 

surprising, as that variant consists of all the developable product features, as well as the 

parameters the research team’s product development team labelled as the best-case 

parameters. However, if achieving the product parameters of variant 3 increases costs for 

instance, the case project should opt for developing variant 2, as that variant performed 

nearly just as well in this segment while having higher total weight and worse parameters 

related to the endurance of the product. The features, parameters, and measurement 

efficiency metrics of variants 2 and 3 are presented in Table 8. Case product variants 2 and 

3 feature, parameter, and efficiency metric . While the retail price, alpha efficiency, beta 

efficiency and gamma sensitivity values were missing and were imputed based on similar 

products on the market, the case research project should aim to achieve at least this indicated 

price on the retail markets and these efficiency metrics in the measurement efficiency tests. 
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Table 8. Case product variants 2 and 3 feature, parameter, and efficiency metric 

configurations. 

 

Feature Variant 2 Variant 3 

Wireless data transfer (0,1) 1 1 

Radionuclide identification (0,1) 1 1 

Effective dose measurement (0,1) 1 1 

X-ray measurement (0,1) 1 1 

Neutron measurement (0,1) 0 0 

Max battery life (h) 40 50 

Total weight (g) 300 233 

Retail price (€) 1810 (imputed) 1808 (imputed) 

α-efficiency (%) 34.74 (imputed) 34.50 (imputed) 

β-efficiency (%) 31.76 (imputed) 31.70 (imputed) 

γ-sensitivity (Cs-137) (CPM/Mr/h) 2782 (imputed) 2785 (imputed) 

Min temperature (°C) -25 -45 

Max temperature (°C) 50 85 

 

The results are logical, as implementing more features would generally allow the product to 

perform more tasks, leading to higher customer satisfaction. The imputed retail price is 

somewhat realistic, although in the lower range for a product that incorporates all the stated 

features. 

Purchasing decisions strongly indicate preference towards that device. The radiation type 

efficiencies/sensitivity also seem realistic. Company E, which described usage contexts in 

the Source Search & Survey and Personnel Protection segments, had purchased a device 

which ranked 1st and 7th in the evaluations of these segments indicating reliability in the 

model in that segment. However, Company D had purchased a device which should have 

performed well in the Surface Contamination segment, but the device ranked 49th out of 97 

alternatives. These results can indicate that the model could generalize rather well in the 

Source Search & Survey and Personnel Protection segments, but not in Surface 

Contamination segment. However, this validation method assumes that the customer would 

have been aware of the other alternatives on the market. The company could have purchased 
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the device while being unaware of the other alternatives on the market. The problem can 

also be attributed to inaccuracies in the data, such as imputed missing values, as well as the 

assumptions made about the indifference between different radionuclides. While the 

company that provided the different preference weights did not explicitly state preferences 

for different radionuclides, the indifference should not be assumed, since the end user’s 

usage context considered the device use in measuring and detecting different radionuclides 

on suspected contamination situations (Table 2). The results can also be attributed to the fact 

that many end users used the same device for many usage contexts, which can result in 

concessions regarding product attributes while trying to satisfy the needs for preferences in 

multiple usage contexts. 

 

4.4. Model validation 

Purchasing decisions strongly indicate preference towards that device. The ability of the 

model to capture the satisfaction of customer preference was validated by analysing the 

performance of devices that were purchased by some companies. 

Company E, which described usage contexts in the Source Search & Survey and Personnel 

Protection segments, had purchased a device RDS-31, which ranked 1st and 7th in the 

evaluations of these segments. This indicates reliability in the model’s ability to correctly 

evaluate products that satisfy customer preferences in that segment. However, Company D 

had purchased Radeye B20/B20-ER, but the device ranked 49th and 89th out of 97 

alternatives in Surface Contamination and Personnel Protection segments respectively.  

The results can be attributed to the fact that many end users used the same device for many 

usage contexts, including Company D, which can result in concessions regarding product 

attributes while trying to satisfy the needs for preferences in multiple usage contexts. It can 

also be attributed to Company D’s preferences for end use situation in Personnel Protection 

segment being different from the average preferences of the Personnel Protection segment. 

To observe the performance of RadEye B20/B20-ER in Company D, analysis using the 

preference weights of General radiation detection & measurement device for dose rate 

measurements end use situation is also warranted. If the device can rank higher in Company 
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D’s end situations than in other situations in general, the model’s ability to capture customer 

preference satisfaction can be said to increase. 

After calculating the overall evaluation of the alternatives using the General radiation 

detection & measurement device for dose rate measurements preferences as the criteria 

weights, RadEye B20/B20-ER obtained the 49th rank for this end use situation. This indicates 

that the preference satisfaction for that device increased considerably from the 89th rank 

when the end use situation was considered part of the Personnel Protection segment.  

While the evaluation rank increased, the rank was still mediocre, indicating that other factors 

are affecting it not reaching higher ranks. These results can indicate that the model could 

generalize rather well in the Source Search & Survey segment, but not in Surface 

Contamination or Personnel Protection segment. However, this validation method assumes 

that the company would have been aware of the other alternatives on the market. The 

company could have purchased the device while being unaware of the other alternatives on 

the market. The problem can also be attributed to inaccuracies in the data, such as imputed 

missing values, as well as the assumptions made about the indifference between different 

radionuclides. While Company D did not explicitly state preferences for different 

radionuclides, the indifference should not be assumed, since the end user’s usage context 

(Surface Contamination) considered the device use in measuring and detecting different 

radionuclides on suspected contamination situations (Table 1).   
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5. Conclusions 

The aim of this paper was to build a customer-driven decision-support system targeting and 

product differentiation purposes. This system is used for research originating technology 

commercialization project looking to identify a potential market segment for a novel 

handheld radiation detector, as well as find the configuration of product attributes that satisfy 

this segment better than the competing products. The research question of this paper was 

formulated as follows: 

Which market segment should the research project target and with which product feature 

configuration to be competitive in terms of satisfied customer preferences? 

The results suggested that the case research project should target the Personnel Protection 

segment, since the case variants 2 and 3 seemed to satisfy the customer preferences in that 

market better than the competing products. The research project should attempt to implement 

the configuration of this variant 3 highlighted on Table 8 in the final product, but if for 

example the costs of developing the variant increase, the case project should opt for 

developing variant 2, as the Personnel Protection segment seemed to be rather indifferent 

towards the weight and endurance parameters of the product. 

While the model evaluated RDS-31 high in market segments which included Company E 

who had purchased that device, it failed to rank RadEye B20/B20-ER, purchased by 

Company D near the top in another segment. However, the performance of this device 

increased when it was evaluated with only Company D preferences end use situation 

compared to the entire Personnel Protection segment. Considering the logical results 

obtained by the case product and that the performance of the ranks tended to increase when 

subjected to preferences of companies who had purchased those devices, the decision 

support system could be used to determine the satisfaction of customer preferences and serve 

as decisions support for evaluating the general competitiveness of different product 

configurations in different market segments in terms of customer satisfaction. The system 

can therefore assist companies in similar new product development processes to find product 

attributes that can satisfy customer preferences better than the competitors. 
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5.1. Limitations and further research 

The dataset of market products was limited to products in the European and North American 

markets and did not include handheld radiation detectors that measured only gamma 

radiation. By including these, the competitiveness of the case product could turn 

unfavourable. The decision-support model reliability could increase with more end user 

preference data, as the needs and wants of the end users can differentiate substantially within 

the segments and that variance in preference is difficult to capture with small sample size. 

In addition, this study assumes that end users would be indifferent in detecting or measuring 

different radionuclides of the same radiation type, decreasing the accuracy of the model 

evaluation criteria representing the end user preferences. In addition, the high number of 

missing values in the radiation type efficiencies and their imputation based on similar 

devices decreases the reliability of the evaluations of the measurement efficiency criteria.  

This study was constructed on the basis that business success is achieved through highly 

customer-oriented commercialization strategies. However, some researchers suggest that too 

close attention to current customer needs can make the company vulnerable in the long run 

and lose industry position (Berthon et al., 1999; Christensen, 1997; Hamel and Prahalad, 

1994; Leonard-Barton, 1992). Being too market driven is often not enough to build long-

term differentiation among competitors, since customers might have needs that they are 

unaware of and yet to articulate (Narver et al., 2004). Further research on the topic of product 

configuration and market segment selections should consider the size, growth, and 

profitability indicators of the market segments as well as the costs and resources of 

implementing different product features or achieving certain product parameters and metrics. 

In addition, as Kuijt-Evers et al. (2009) highlight, methods transforming customer 

requirements into product configuration decisions should validate the relationship between 

engineering characteristics and satisfied customer preferences through a systematic user 

evaluation study.  
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Appendices 

Appendix 1. Global market development for radiation detection and monitoring (Rajaram, 

2019). 

 

Appendix 2. End user interview questionnaire form 1. 



 

 

Appendix 3. End user interview questionnaire form 2. 



 

 

Appendix 4. Product development team interview questionnaire form 

 



 

Appendix 5. Product development team interview questionnaire results 

 

Appendix 6. Nearest neighbours imputation cross-validation results 

k number of 

neighbours 

Mean classification 

accuracy 

Standard deviation 

of classification 

accuracy 

1 84.39 % 8.94 % 

2 82.99 % 7.48 % 

3 84.37 % 7.38 % 



 

4 83.67 % 7.36 % 

5 85.07 % 7.82 % 

6 84.04 % 7.48 % 

7 84.39 % 8.30 % 

8 82.67 % 7.45 % 

 

Appendix 7. Nearest neighbours imputation cross-validation boxplot results 

  


