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Resumen  

 
Las organizaciones se comprometen a comprender tanto las necesidades de sus 

clientes como las capacidades y planes de sus competidores y socios, a través de 

procesos de adquisición y evaluación de información de mercado de manera 

sistemática y anticipatoria. Por otro lado, la mayoría de las organizaciones en los 

últimos años han definido que uno de sus principales objetivos estratégicos para los 

próximos años es convertirse en una organización verdaderamente orientada a los 

datos (data-driven) en el contexto actual de Big Data e Inteligencia Artificial (IA) 

(Moreno et al. al., 2019). Están dispuestos a invertir fuertemente en datos y estrategia 

de inteligencia artificial y construir plataformas de datos empresariales e inteligencia 

artificial que permitan esta visión orientada al mercado (Moreno et al., 2019). En esta 

tesis, se presenta un modelo de toma de decisiones multicriterio (MCDM) (Saaty, 

1988), una estrategia de transformación digital de IA de la nube y una arquitectura 

conceptual de nube para ayudar a los líderes y organizaciones de IA en su viaje de IA 

responsable, capaz de ayudar a las organizaciones globales a pasar del uso de datos 

descriptivos a prescriptivos y aprovechar los servicios en la nube existentes para 

ofrecer una verdadera orientación al mercado en un tiempo mucho más corto (en 

comparación con los enfoques tradicionales). 

El Proceso Jerárquico Analítico (AHP) / Modelo de Toma de decisiones 

multicriterio (MCDM) (Saaty, 1988) que fue creado por los autores tiene el objetivo de 

ayudar a guiar a los líderes de las organizaciones en el trayecto del proceso de decisión 

para definir la estrategia de una transformación de IA responsable de la nube digital. 

Este trabajo se ha centrado en organizaciones de los siguientes países: Reino 

Unido (UK), España y Brasil, y es el resultado de la experiencia del autor trabajando 

en sistemas de salud de múltiples países y la experiencia en la construcción de 
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Plataforma de datos de inteligencia artificial en la nube en los últimos años para 

muchas organizaciones diferentes en el mundo. 

El caso de estudio seleccionado para esta tesis es un estudio de caso en el sector 

de proveedores de atención médica pública del Reino Unido (UK).
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Abstract  
 

Organisations are committed to understanding both the needs of their 

customers and the capabilities and plans of their competitors and partners, through 

the processes of acquiring and evaluating market information in a systematic and 

anticipatory manner. On the other hand, most organisations in the last few years have 

defined that one of their main strategic objectives for the next few years is to become 

a truly data-driven organisation in the current Big Data and Artificial Intelligence (AI) 

context (Moreno et al., 2019). They are willing to invest heavily in Data and AI Strategy 

and build enterprise data and AI platforms that will enable this Market-Oriented 

vision (Moreno et al., 2019). In this thesis, it is presented a Multicriteria Decision 

Making (MCDM) model (Saaty, 1988), an AI Digital Cloud Transformation Strategy 

and a cloud conceptual architecture to help AI leaders and organisations with their 

Responsible AI journey, capable of helping global organisations to move from the use 

of data from descriptive to prescriptive and leveraging existing cloud services to 

deliver true Market-Oriented in a much shorter time (compared with traditional 

approaches). 

The Analytic Hierarchy Process (AHP) / Multicriteria decision making 

(MCDM) model (Saaty, 1988) that was created by the authors has the aim to help guide 

organisation leaders in the decision process of defining the strategy of a responsible 

AI digital cloud transformation journey.   

This work has focused on organisations in the following countries: United 

Kingdom (UK), Spain and Brazil, and it is the result of the author's experience working 

in multiple countries healthcare systems and the experience in building Cloud AI Data 

Platform in the last years for many different organisations in the world.  
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The case study selected for this thesis is a case study in the United Kingdom 

(UK) Public Healthcare Provider sector.
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1. Introduction 

 

Organisations are investing in a Responsible Artificial Intelligence (RAI) cloud 

digital transformation journey and some of them are achieving successful results. 

Based on studies and works done with organisations that are investing in Artificial 

Intelligence (AI) transformation in the last years (Microsoft, 2022), it is possible to 

realise that the transformation goes much beyond pure Machine Learning (ML) and 

AI best practices.  

In the United Kingdom (UK) healthcare sector, where the author of this thesis 

had the experience to work in some AI transformation initiatives (Microsoft, 2022), the 

author found obstacles like: lack of people expertise, decision making leaders with AI 

risk aversion, difficulty to hire technical resources, difficulty to define  AI use case(s), 

difficulty to ingest, prepare and store the raw data for the experiments, difficulty to 

scale the results, difficulty to deploy ML models to production, difficulty to interpret 

the ML models, very high expectations and not much appetite to test ideas and change 

the status quo.  

The reality of an AI transformation journey is that it goes beyond the 

technology, for this purpose we are proposing a multi criteria decision model to help 

AI leaders with their AI journey in their organisations.  

The focus of the proposed model will be in the World Healthcare sector, using 

inputs from organisations in Brazil, Spain, and the UK, where the author had the 

chance to work during his career, but with a laser focus in the UK Public Healthcare 

Provider sector. 

In the last years, the author has been working with different initiatives inside 

the National Health System (NHS) in the UK (Microsoft, 2022); they are all in different 
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stages of their AI journey, but all of them have common goals to use AI and ML to 

improve patients life, save lives and reduce cost for the taxpayers. The NHS is funded 

by the UK people. 

This thesis will contribute with a Multi-Criteria Decision-Making (MCDM) 

model, a Responsible AI Cloud Digital Transformation Strategy, and a cloud 

conceptual architecture to help AI leaders and organisations with their AI journey. 

MCDM is a structured technique used in organising and analysing complex 

decisions. The concept, first developed in the early 1970s, has been researched and 

further refined through the years; it assists decision-makers to select the best 

alternative considering the impacts of choices along multiple dimensions. (Saaty, 

1988) 

The initial hypothesis presented in this paper is that many organisations are 

keen to use AI in their business process, but they need guidance around the best way 

to start, deploy and expand. They also need a model to deal with uncertainty during 

the decision process in which using open source and cloud technology, they can save 

time to improve their time to market their solutions and  reduce the risk in building 

internal technology when there is plenty available in many cloud vendors.  

The first step to become an AI superpower organisation is to build a RAI Cloud 

Digital transformation strategy. 

The next steps are to hire a data science team, run experiments starting with 

one to three AI use case(s) using the right technology, produce results, validate the 

experiments results, select the results acceptable to move to production and to deploy 

the successful AI use case(s) in production.  

After the first AI use case is in production, the organisation will have to monitor 

the AI data product as long as this product is providing value to the business; this is 
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a complex process because it is necessary to have an specialised team to monitor the 

ML model, monitor the data, improve the ML model with new data, re-deploy the 

model when required and when the data science team finds new ways to improve the 

existing model, run A/B testing to try out the new models in production, keep the AI 

infrastructure running, and so on.  

Most of the AI use cases, especially the use cases in the Health sector are 

considered use cases with the potential to change people's lives for the best or for the 

worst; for this reason it is very important to apply the RAI principles (Microsoft, 2020), 

to use RAI tools during the designing and building of the AI solutions and only to 

deploy solutions to production when they are ethical solutions (Trocin et al., 2021). 

It is very crucial to follow RAI principles (Trocin et al., 2021). In this work, we 

will follow the Microsoft RAI Strategy (Microsoft, 2020), principles, framework, and 

tools to certify that the solution built is a RAI solution.  

RAI solutions should have: 

● Fairness: AI systems should treat all people fairly. 

● Inclusiveness: AI systems should empower everyone and engage people. 

● Reliability & Safety: AI Systems should perform reliably and safely. 

● Privacy & Security: AI systems should be secure and respect privacy. 

● Transparency: AI Systems should be understandable.  

● Accountability: People should be accountable for AI Systems. 
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Another particularly important element to consider when designing and 

building an AI Solution(s) in an organisation is to follow the well-architected 

framework; since different cloud vendors have different versions and approach, for 

this thesis it was selected the Microsoft Azure Well-Architected Framework (Azure 

Well-Architected, 2022). 

The Microsoft Azure Well-Architected Framework (Azure Well-Architected, 

2022) is a set of guiding principles that can be used to improve the quality of a 

workload. The framework consists of five pillars of architectural excellence: 

● Reliability 

● Security 

● Cost Optimization 

● Operational Excellence 

● Performance Efficiency 

It is especially important to consider all that was presented before you move an 

AI experiment to production.  

Not all organisations are ready to implement a RAI Cloud Digital 

transformation strategy in the short term, in this case the recommendation is to start 

small and improve step by step using the crawl, walk and run approach (Sherman, 

2020). It is important to view this thesis as the desired target and future state and to 

implement the AI Cloud Digital transformation strategy in small steps. The final goal 

of all organisations in this new AI era is to embed AI into their corporate DNA; having 

successfully embedded AI in its corporate DNA can impact the organisations’ own 

survival. .  
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As mentioned in the paper “Hidden Technical Debt in Machine Learning Systems” published 

in NIPS in 2015 (Sculley et al., 2015), to build and deploy an AI System is a very complex 

task and it is necessary to pay much attention to several ML-specific risk factors to 

account for in system design. 

The image below, Figure 1, shows  that the Machine Learning code is very 

important, but it is only a small part of the entire solution. 

 

 

Fig. 1. Hidden Technical Debt in Machine Learning Systems. (Sculley et al., 2015) 

 

 

In this thesis will cover in detail the three objectives that were proposed to be 

achieved during the research, they are:   

Objective 1: To help organisations on how to build a RAI Cloud Digital 

Transformation Strategy. 

Objective 2: To propose a Cloud Conceptual Architecture capable of 

guiding organisations towards an AI Digital Transformation. The 

proposed Conceptual Cloud Architecture created by the authors is 
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explained in the fourth chapter “Definition of a Conceptual Framework 

for Market Oriented Organisations Based on an Artificial Intelligence 

Cloud Architecture”. 

Objective 3: To propose a novel MCDM model to guide organisations 

towards AI Digital Transformation on how to simulate scenarios, based 

on organisation strategy criteria on dealing with the uncertainty of 

selecting the most suitable enterprise Data Science and Machine 

Learning (DSML) platform in Azure, to implement in an organisation 

looking to innovate using AI, ML and Cloud computing. The proposed 

novel MCDM model is explained in detail in the fifth chapter. The model 

was also applied to organisations in the UK Public Health Provider 

Sector. 

 

 

In the Introduction chapter was presented the research used for this thesis.  In 

the second chapter, will be reviewed the literature of the current state of MCDM, 

Balanced Scorecard (BSC) and Analytic Hierarchy Process (AHP) applied to the 

Healthcare Industry as an instrument to accelerate the AI Digital Transformation in 

Health organisations. Also, in the second chapter in the section called “Market-

Oriented Enterprise Strategy Based on Data”, it is introduced market orientation, and 

formal architectures to achieve it in a Business Intelligence (BI) framework. 

In the third chapter, the author will go deeper in the fundamentals of the 

research, and will introduce important concepts and explain more in detail about 

AHP.  
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 In the fourth chapter, a review of the proposed formal framework is made, 

adding the appropriate components that allow carrying out Market Orientation in a 

Big Data context.  

In the fifth chapter,  the new MCDM model is presented, and it is applied  to 

Case Study in the UK Public Health Provider Sector. 

In the final chapter are the conclusions of the work carried out during the last 

years, the contributions made, as well as possible new lines of research in which work 

is already being done (Moreno et al., 2019). 
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2.  State of the Art of MCDM for strategic decision 

using BSC and AHP 

 

Based in the recent bibliometric map created by (Llorens et al., 2022),   the use 

of MCDM, AHP and BSC  applied to the AI Digital Transformation in the Health 

Industry (Zelman et al., 2003) is unique.  

For the making of this paper, the research of the state of the art of the use of 

MCDM, AHP and BSC, to the context of this work, started before the research recently 

published by (Llorens et al., 2022), around 2019, until today. It is possible to conclude 

that during many years, many researchers have used similar techniques (Toloie-

Eshlaghy et al., 2011), but the approach of this presented work is new. It is possible to 

find in recent literature a similar approach proposed by (Llorens et al., 2022), but not 

the same and not applied to the Health Industry.  

The proposed model of this paper is based on AHP and BSC. 

 

 

2.1 Use of MCDM for Digital Transformation  

 

 

During the research phase for the elaboration of this paper, many other papers 

and works, which presented topics and subjects that in some levels were related to the 

one presented in this work, were read, and studied; their titles and subjects are as 

follows below. 
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The paper “Multiple criteria approach applied to digital transformation in 

fashion stores: the case of physical retailers in Spain” develops a “multiple-criteria 

decision-making model for retailers who want to digitise their physical stores, 

providing a systematic approach to manage investment priorities in the organisation. 

This strategic decision can be made hierarchically to obtain consistent decisions, also 

the use of the Order Weighted Average operator allows for alternative scenarios to be 

presented and agreed among the different areas of the business. The authors develop 

a use case for a Spanish fashion retailer. In the most widely agreed scenario the 

preferred devices were more technologically complex and expensive, while in the 

scenarios where the head of Finance is more predominant, cheaper and simpler 

devices were selected.” (Llorens et al., 2022). 

In the “Analysis of Digital Transformation Strategies with an Integrated Fuzzy 

AHP-Axiomatic Design Methodology” paper is “provided an evaluation model with 

an analytical method to examine digital transformation strategy development. This 

paper presents a decision-making model based on Multi-Criteria Decision Making 

(MCDM), fuzzy logic, Analytic Hierarchy Process (AHP), and Axiomatic Design (AD). 

Moreover, a case study about the banking sector is provided to verify the applicability 

of this model.“ (Güler et al., 2019) 

The study presented in the “An integrated SWOT based fuzzy AHP and fuzzy 

MARCOS methodology for digital transformation strategy analysis in airline 

industry” aims to “determine and analyse different Digital Transformation Strategies 

(DTSs) with the help of an integrated SWOT (Strengths, Weaknesses, Opportunities, 

and Threats) based fuzzy AHP-MARCOS (Measurement Alternatives and Ranking 

according to the Compromise Solution - MARCOS) methodology. This methodology 

is validated with a case study concerning the airline industry in Turkey. The weights 

of the SWOT factors are determined with the fuzzy AHP method. The fuzzy MARCOS 

approach is used to select the most suitable DTS. The most appropriate strategy is 
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obtained as “focusing on differentiated digital customer experience and service 

quality by the adaptation of business models to DT to provide benefits”. (Büyüközkan 

et al., 2021) 

The work entitled “Towards Digital Transformation of Travel Agencies: 

Evaluation of Determinants Using Fuzzy AHP Approach” has the goal to “define the 

priorities in implementation of digital business model in travel agencies in Serbia. The 

research conducted was based on two previously conducted studies: 1) Four 

dimensions of determinants published in Digitalization in Tourism Report; 2) 

Identified importance of these four dimensions and their determinants through 

research questionnaires conducted in travel agencies in Serbia. In this paper, the most 

important determinants for each dimension were elements used to establish AHP 

hierarchy for further evaluation using Fuzzy AHP numbers. Through evaluation, the 

most relevant determinants and dimensions were identified as support for future 

strategies in digital transformation.” (Marinkovic et al., 2020) 

In the paper “A digital transformation maturity model for the airline industry 

with a self-assessment tool” the aim of its study “is two-fold: (i) to highlight the 

essence of DT by examining the role of DT’s sub-dimensions in the civil airline 

industry, (ii) and propose a Digital Transformation Maturity (DTM) self-assessment 

tool for determining the DT maturity level of airline firms. The former is assessed by 

the judgments of aviation experts using Interval Type-2 Fuzzy AHP (IT2F-AHP), 

while the second stage was done with a survey in an airline company. According to 

the results, the digital strategy and the technology are highlighted as the most 

prominent dimensions of the proposed DTM tool.“ (Kıyıklık et al., 2022) 

A study that “aimed to define the factors affecting digital transformation 

strategies and present a decision-making model required for digital transformation 

strategies based on the definition” is the topic of the paper “Decision-Making Model 

for Reinforcing Digital Transformation Strategies Based on Artificial Intelligence 
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Technology''. “It also reviews previous AI technology and digital transformation 

strategies and draws influence factors. The research model drew four evaluation areas, 

such as subject, environment, resource, and mechanism, and 16 evaluation factors 

through the SERM model. After the factors were reviewed through the Delphi 

methods, a questionnaire survey was conducted targeting experts with over 10 years 

of work experience in the digital strategy field. The study results were produced by 

comparing the data’s importance using an Analytic Hierarchy Process (AHP) on each 

group. “(Kim et al., 2022) 

The work “Digital Transformation: An Overview of the Current State of the Art 

of Research” aims to “provide insight regarding the current state of the literature on 

digital transformation (DT) by conducting a systematic literature review. An analysis 

of co-occurrence using the software VOSviewer was conducted to graphically 

visualise the literature’s node network. Approached this way, the systematic literature 

review displays major research avenues of digital transformation that consider 

technology as the main driver of these changes. This paper qualitatively classifies the 

literature on digital business transformation into three different clusters based on 

technological, business, and societal impacts. Several research gaps identified in the 

literature on DT are proposed as future lines of research which could provide useful 

insights to the government and private sectors to adapt to the disruptive changes 

found in business as a result of this phenomenon, as well as to reduce its negative 

impacts on society and the environment.” (Kraus et al., 2021) 

The paper “Digital Transformation: A Literature Review and Guidelines for 

Future Research” aimed “to provide insights regarding the state of the art of Digital 

Transformation, and to propose avenues for future research. Using a systematic 

literature review of 206 peer-reviewed articles, this paper provides an overview of the 

literature. Among other things, the findings indicate that managers should adapt their 

business strategy to a new digital reality. This mainly results in the adaptation of 
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processes and operations management. Scholars, for the other side, are also facing 

challenges, as prior research may not have identified all the opportunities and 

challenges of Digital Transformation. Furthermore, while the Digital Transformation 

has expanded to all sectors of activity there are some areas with more prospects of 

being developed in the future than others.” (Reis et al., 2018) 

The goal of the work “Applying a decision model based on multiple criteria 

decision-making methods to evaluate the influence of digital transformation 

technologies on enterprise architecture principles” was “to help organisations identify 

these improvement opportunities. To do so, a decision model was developed to 

evaluate the influence DT technologies have on the EA principles proposed by The 

Open Group Architecture Framework (TOGAF). A literature review was conducted, 

and five main DT Technologies applied in the EA scope were identified. With that, a 

decisional model was created based on two decision-making methods called Decision-

Making Trial and Evaluation Laboratory and PROMETHEE. The 21 architecture 

principles proposed by TOGAF were evaluated and the influence the technologies 

exercised on the principles were identified. As a result, Big Data and Cloud 

Computing technologies were indicated as having the greatest effect over the analysed 

principles, therefore concluding that when applied in the EA scope, these technologies 

can help organisations improve their EA procedures.” (Hannemann et al., 2022) 

The study presented in the paper “Prioritization of strategies to overcome the 

barriers in Industry 4.0: a hybrid MCDM approach” has the objective “to identify the 

industry 4.0 barriers and prioritise the strategies to overcome these barriers for the 

successful implementation of Industry 4.0. This research proposes a hybrid 

framework using Modified Stepwise Weight Assessment Ratio Analysis and 

Weighted Aggregated Sum Product Assessment methods to propose the strategies to 

overcome the Industry 4.0 barriers. In order to demonstrate the practical applicability 

of the proposed framework, an empirical case investigation of an Indian auto 
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component manufacturing company has been carried out. The findings of this study 

reveal that “Commitment from top management towards Industry 4.0 

implementation” is the top-ranked strategy, followed by ‘Framing of a strategic 

roadmap for Industry 4.0 implementation’ and  “Align people, process and 

technology for effective change management” to mitigate the impact of Industry 4.0 

barriers. The proposed framework offers a systematic approach for the practitioners 

to understand and analyse the various barriers and strategies to overcome these 

barriers for successful implementation of Industry 4.0.” (Kumar et al., 2021) 

The purpose of the work presented in the “State of the Art Review on the 

Analytic Hierarchy Process and Urban Mobility” was “to identify the state of the art 

of AHP applications to urban mobility. To answer the research question, this paper 

presents a literature review (LR). State of the art review (SAR) is an LR approach 

expected to deliver results with medium comprehensiveness and results closer to 

exhaustive. With the support of graphical software, three clusters were identified, in 

the keywords network: AHP, Innovation & Public Management, and Urban Mobility. 

In the AHP cluster, research is driven by methodological subjects; on Innovation & 

Public Management, there is an open discussion on local versus national coordination; 

and the urban mobility cluster has hybrid or non-AHP applications of MCDM.” (Ruiz 

et al., 2021) 

In the paper “Marketing strategies evaluation based on big data analysis: a 

Clustering-MCDM approach” a “digital banking strategy has been suggested 

applying big data for Iranian banking industry. This strategy would guide Iranian 

banks to analyse and distinguish customers’ needs to offer services proportionate to 

their manner. In this research, the balances of more than 2,600,000 accounts over 400 

weeks are computed in a bank. These accounts are clustered based on justified RFM 

parameters containing maximum balances, the most number of maximum balances 

and the last week number with the maximum balance using k-means method. 
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Subsequently, the clusters are prioritised employing Best Worst Method- Complex 

Proportional Assessment methods considering the diverse inner value of each 

cluster.“ (Mahdiraji et al., 2019) 

The study, presented in the “Big data analytics capabilities and firm 

performance: An integrated MCDM approach” work, “explores the interdependence 

of big data analytics (BDA) capabilities and the impact of these capabilities on firm 

performance using an integrated multicriteria decision-making (MCDM) 

methodology. Drawing on a rich data set obtained from selected case study firms in 

Pakistan, three MCDM tools, namely, intuitionistic fuzzy decision-making trial and 

evolution laboratory (IF-DEMATEL), analytic network process (ANP), and simple 

additive weighting (SAW), are employed to assess the relative importance of BDA 

capabilities and the relationship of these capabilities with the firm performance. The 

results show that BDA capabilities are interdependent, and infrastructure capabilities 

are the highest-ranked among all, followed by management and human resource 

capabilities, respectively. The SAW results indicate an association between BDA 

capabilities and firm performance. Moreover, BDA capabilities are more strongly 

related to operational performance than to market performance.” (Yasmin et al., 2020) 

In the paper “MCDM Techniques Selection Approaches: State of the Art” is a 

“state of the art of the existing approaches for selecting MCDM techniques. The state 

of the art is structured with a framework that guides the analysis of each selection 

approach according to its own characteristics, and to the characteristics of the MCDM 

techniques that the approach helps to select. The state of the art has two outcomes: a 

comparative analysis of the presented approaches, and a collection of requirements 

for a "good" selection approach.” (Kornyshova et al., 2007) 

The aim of the paper “Analysis of Digital Transformation Strategies with an 

Integrated Fuzzy AHP-Axiomatic Design Methodology” was “to provide an 

evaluation model with an analytical method to examine digital transformation 
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strategy development. In particular, this paper presents a decision-making model 

based on Multi-Criteria Decision Making (MCDM), fuzzy logic, Analytic Hierarchy 

Process (AHP), and Axiomatic Design (AD). Moreover, a case study about the banking 

sector is provided to verify the applicability of this model.” (Güler et al., 2019) 

In the paper “Sustainable supplier selection in healthcare industries using a 

new MCDM method: Measurement of alternatives and ranking according to 

Compromise solution (MARCOS)”, the authors suggest “the use of a new MCDM 

model called Marcos for a sustainable supplier selection in the healthcare industry (in 

a polyclinic).” (Stević et al., 2020). 

In the work “Improving RFID adoption in Taiwan's healthcare industry based 

on a DEMATEL technique with a hybrid MCDM model” the authors “develop a 

general evaluation framework for the healthcare industry evaluation, improvement 

and adoption of radio frequency identification (RFID). They use a hybrid Multiple 

Criteria Decision Making (MCDM) method known as DDANPV that combines 

DEMATEL (decision making trial and evaluation laboratory), DANP (DEMATEL-

based ANP), and VIKOR to evaluate the factors that influence the adoption of RFID. 

The study considered specifically the adoption of RFID in Taiwan's healthcare 

industry. They concluded that technology integration is the most influential criteria 

and the strongest driver in the adoption of RFID in Taiwan's healthcare industry.” (Lu 

et al., 2013) 

The study of the paper “Evaluation of service quality by using fuzzy MCDM: 

A case study in Iranian health-care centres” presents an “effective approach for 

evaluating and comparing service qualities of four hospitals. The authors proposed a 

fuzzy method to resolve the ambiguity of concepts, which are associated with human 

judgments. SERVQUAL model was used to evaluate the respondents' judgments of 

service quality and a multi attribute decision making approach was implemented for 

the comparison among hospitals. The paper used an analytical hierarchy process 
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(AHP) for obtaining criteria weight and TOPSIS for ranking the cases.” (Afkham et al., 

2012). 

The paper “An Analytic Hierarchy Framework for Evaluating Balanced 

Scorecards of Healthcare Organizations” proposes “to apply the analytic hierarchy 

process (AHP) to hospital scorecards in performance assessment. Although AHP 

could be a time-consuming exercise, it allows participative input in determining a 

comprehensive measure for comparing performance of healthcare organisations.” 

(Chan, 2006). 

 

2.2 Use of BSC in the Industry  

 

The work “Digital Balanced Scorecard System as a Supporting Strategy for 

Digital Transformation” was elaborated to “find a comprehensive framework with 

regulatory attributes to support initiatives. Due to its structure, consistent strategy 

decomposition capabilities, and strategic map architecture, the assumption is that a 

customised version of the Balanced Scorecard can ensure the better overall success of 

digital transformation projects. The qualitative analysis methodology was applied to 

previous research, and this study identified critical issues and challenges related to 

the strategy and overall endeavour of digital transformation. Based on the 

methodology of the traditional Balanced Scorecard, a draft version of the Digital 

Balanced Scorecard was formulated. The Digital Balanced Scorecard is a 

comprehensive, primarily prescriptive model that is focused directly on the 

challenges, opportunities, and obstacles of transformation. The proposed BSC model 

can consistently interpret a digital strategy and assist organisation leaders in 

successfully formulating and coordinating all necessary activities and projects to 
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apply technologies. The Digital BSC provides the projection of financial results and 

improvements in sustainability after transformation.“ (Fabac, 2022) 

And in the work “Aligning the Balanced Scorecard and a Firm's Strategy Using 

the Analytic Hierarchy Process”, the authors “demonstrated how the AHP can be used 

to help select the metrics of a balanced scorecard as well as to help understand the 

relative importance of each metric for a firm's management. The purpose of this article 

is to investigate the use of the AHP at the first level of the balanced scorecard hierarchy 

with data from six firms. Using the AHP to determine the relative weight of the 

performance categories may give some insight into the alignment between the 

balanced scorecard and a company's strategic initiatives.” (Searcy, 2004) 

The aim of the work “Strategic performance measurement in a healthcare 

organisation: A multiple criteria approach based on balanced scorecard” was “to 

present the development of a performance measurement system for public health care 

organisations, in the context of BSC methodology. The proposed approach considers 

the distinguished characteristics of the aforementioned sector (e.g. lack of competition, 

social character of organisations, etc.). The proposed measurement system contains 

the most important financial performance indicators, as well as non-financial 

performance indicators that are able to examine the quality of the provided services, 

the satisfaction of internal and external customers, the self-improvement system of the 

organisation and the ability of the organisation to adapt and change. These indicators 

play the role of Key Performance Indicators (KPIs), in the context of BSC methodology. 

The presented analysis is based on a MCDA approach, where the UTASTAR method 

is used in order to aggregate the marginal performance of KPIs. This approach is able 

to take into account the preferences of the management of the organisation regarding 

the achievement of the defined strategic objectives. The main results of the proposed 

approach refer to the evaluation of the overall scores for each one of the main 

dimensions of the BSC methodology (i.e. financial, customer, internal business 
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process, and innovation-learning). These results are able to help the organisation to 

evaluate and revise its strategy, and generally to adopt modern management 

approaches in everyday practice.” (Grigoroudis et al., 2012). 

 

 

2.3 Machine Learning in Healthcare  

 

 

In the book, The Master Algorithm, the author Pedro Domingos says, “Machine 

Learning will bring about not just a new era of civilization, but a new stage in the evolution of 

life on Earth". (Domingos, 2015) 

  With that said, the Healthcare industry is being hugely impacted by machine 

learning and will continue to change significantly because of the use of machine 

learning.  

It is found in the paper “Machine Learning in Healthcare: A Review”, a “review 

of various machine learning algorithms used for developing efficient decision support 

for healthcare applications. This paper helps in reducing the research gap for building 

efficient decision support systems for medical applications.” (Shailaja et al., 2018) 

In the paper “The applications of MCDM methods in COVID-19 pandemic: A 

state of the art review” the aim was “to review 72 papers published in 37 leading peer-

reviewed journals indexed in Web of Science that used MCDM methods in different 

areas of COVID-19 pandemic. The results indicate that AHP (including fuzzy AHP) is 

the most popular MCDM method applied in 37.5% of papers followed by TOPSIS and 

VIKOR. This review reveals that the use of MCDM methods is one of the most 

attractive research areas in the field of COVID-19. As a result, one of the main 

purposes of this work is to identify diverse applications of MCDM methods in the 
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COVID-19 pandemic. Most studies i.e. 69% (49 papers) of the papers combined 

various fuzzy sets with MCDM methods to overcome the problem of uncertainty and 

ambiguity while analysing information. This paper contributes to the body of 

knowledge via suggesting a deep vision to critique the fuzzy MCDM methods from a 

mathematical perspective.” (Sotoudeh-Anvari, 2022) 

The purpose of the paper “Machine learning for detecting COVID-19 from 

cough sounds: An ensemble-based MCDM method” was “to analyse the performance 

of state-of-the-art machine learning techniques for classifying COVID-19 from cough 

sounds and to identify the model(s) that consistently perform well across different 

cough datasets. Different performance evaluation metrics (precision, sensitivity, 

specificity, AUC, accuracy, etc.) make selecting the best performance model difficult. 

To address this issue, in this paper was proposed an ensemble-based multi-criteria 

decision making (MCDM) method for selecting top performance machine learning 

technique(s) for COVID-19 cough classification. In MCDM, the technique for order 

preference by similarity to ideal solution (TOPSIS) for ranking purposes was used, 

while entropy was applied to calculate evaluation criteria weights. In addition, the 

feature reduction process through recursive feature elimination with cross-validation 

under different estimators was applied. The results of the empirical evaluations show 

that the proposed method outperforms the state-of-the-art models.” (Chowdhury et 

al., 2022) 

Even though these works present some associations to this doctoral research, 

none of them are totally connected to the work proposed by the author of this thesis, 

which makes this work unique. 

 

 

 

 



TESIS DOCTORAL – Caio Fernandes Moreno 

36 

 

2.4 Market-Oriented Enterprise Strategy Based on Data  

 

 

The data-driven business strategy has been in existence for several decades. 

An example of the theoretical framework of strategic planning is shown in Figure 2, 

which has three components based, to a greater or lesser extent, on the collection and 

analysis of data: 

1. Specification of objectives: Normally, increase the value of the company, 

present and future, based on doing the same with the value of the clients.  

2. Decision Making (DM): Based on the objectives specified through the 

generation and evaluation of the different strategies.  

3. Monitoring of the results: Quantifying to what extent the objectives have 

been reached after the DM. 

 
 

Fig. 2. The formal process of strategic planning based on (Armstrong, 1982) 

 

In the eighties and nineties of the twentieth century, companies were in a 

general situation of lack of differentiation since they offered products/services (P/S) of 
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very similar quality with differences not perceptible for clients. At this juncture, 

Market Orientation, proposal, arises as the generation in the entire organisation of 

market intelligence about the current and future needs of customers, the 

dissemination of information by all departments and the ability to respond to it 

throughout the organisation (Kohli et al., 1990). In this definition three dimensions are 

identified:  

● Generation of market intelligence. It consists of the responsibility of the 

entire organisation to obtain a marketing information system on the 

present and future needs of customers, as well as distributors, suppliers, 

lobbyists, competitors and macro environment in general. 

● Dissemination of information. Among the different areas of the 

organisation in order for them to work in common with the same 

objective.  

● Response to information. In such a way that this knowledge obtained 

and disseminated becomes actions that will result in obtaining 

competitive advantages in the organisation. 

 

Market-Oriented (MO) companies are committed to understanding both the 

needs of their customers and the capabilities and plans of their competitors, through 

the processes of acquiring and evaluating market information in a systematic and 

anticipatory manner (Narver et al., 1990). Therefore, a key concept for MO is, 

undoubtedly, Business Intelligence (BI) that can be defined as (Negash et al., 2008), 

(DWI, 2019): the process of converting data into knowledge and this into actions or 

decisions to create the competitive advantage of the business. In Figure 3 it is possible 

to observe a global scheme of the different components that encompasses the concept 
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of BI focused on MO, proposed by Stone and Woodcock (Stone et al., 2014). The 

different components are explained in more detail below: 

1. Data. It would include the internal data of the organisation such as: the 

contents in the operative processes of the Customer Relationship 

Management (CRM) and Enterprise Resource Planning (ERP) systems; 

those related to bidirectional communications with customers and society 

in general commonly supported in collaborative and social CRM; third-

party data; qualitative data including those from typical secondary sources; 

etc. 

2. Data Warehouse (DW). They are the databases specifically designed for 

analysis and they would include much of the raw data discussed, through 

the so-called Extraction, Transformation and Loading (ETL) processes 

(Kimball et al., 2008). Data marts are a portion of the DW with a 

departmental purpose; in our case, the one that interests us is the marketing 

data mart that would coincide, to a large extent, with the concept widely 

used in the past of marketing information systems.  

3. Insight Generation. It would include, among others, the typical models of 

the relational strategy such as valuation, identification, recruitment, 

retention and client development. In large part, this component is 

supported by Data Mining or Data Science of which modelling phase is, in 

turn, supported largely by AI, and more specifically, by ML systems.  

4. Action. This component is related to business decisions, which is in 

decision-making (DM) processes, based on the knowledge discovered in the 

previous component (with visual representation, scorecards, qualitative 

reports, etc.). Many of these decisions will end up in the form of specific 

operations in the corresponding CRM systems.  
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5. Outcomes. In such a way that it is possible to discern to what extent it has 

been successful in the actions carried out. 

 

Fig. 3. BI applied to the MO based on (Stone et al, 2014). 
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3. Foundation 

 

The ambition to innovate and transform organisations using AI in the current 

world scenario is an enormous journey. Specifically in the Healthcare sector, there is 

a lot of risk aversion and uncertainty.  

Human decision making is based in preferences and uncertainty, to help 

organisations to deal with uncertainty, consensus, preferences and difficult choices it 

was decided to base the recommendation system in a MCDM  (Saaty, 1988) approach, 

and one of the main reasons is the simplicity to explain the recommendations to a 

business audience and still keep a mathematical and data approach for this important 

decision.  

In this chapter it is explained about the impact of uncertainty in the human 

decision making process and how this impacts people and organisations. Also in this 

chapter, it is described an approach that organisations can use to start small and 

expand, which is known as the ‘’crawl, walk and run’’ approach, widely adopted by 

digital organisations and used to implement digital transformation in different 

organisations.  

To set the foundation for this thesis, it is presented the definition of a Data 

Science and Machine Learning (DSML) platform and its importance for organisations 

that are looking to become AI organisations. As a continuation, it presented the RAI 

principles required to design and build a Responsible and explainable AI Solution.   

The next topic covered in the Foundation chapter is about developing 

innovative systems through RAI in Healthcare; this topic focuses on how AI systems 

can be designed and built in a responsible way in the Healthcare industry.  
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After, it is presented the Data & AI Supermarket Cloud Architecture and AI 

Data Products, how they are important to organisations and the, suggested by the 

author, ten steps to design and build Responsible AI Data Products.  

To finalise the Foundation chapter, it is presented the core topics of this 

research, which are: Multicriteria decision making (MCDM), Balanced Scorecard 

(BSC) and Analytical Hierarchy Process (AHP).  

 

3.1 The impact of uncertainty 

 

Important human decisions are most of the time based on the preferences of 

the decision making cohort and most of the time the decision makers have to deal with 

an incredible amount of uncertainty. 

The Cambridge dictionary defines uncertainty as “a situation in which 

something is not known, or something that is not known or certain”. (Cambridge 

Dictionary, 2022) 

Uncertainty can be challenging to deal with. Preparation can turn to 

overthinking, which can turn to panic. Continued uncertainty can lead to fatigue and 

burnout. Motivation becomes difficult to obtain.  

This thesis aims to help organisations to reduce the emotional impact of 

uncertainty, panic, overthinking, fatigue, and burnout to a simple and clear AI 

transformation strategy journey.  

The developed model in this thesis, together with the conceptual architecture, 

will, hopefully, help organisations to  better deal with uncertainty. 
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3.2 Crawl, Walk, Run approach 

 

One of the biggest mistakes most organisations make when starting their AI 

transformation journey is to try to run before, they can crawl. 

As detailed in the article Ten Leadership Strategies To 'Crawl, Walk, Run' Your 

Way To Success (Sherman, 2020) from the prestigious Forbes magazine, organisations 

should create strategy plans divided in 3 phases: the crawl phase, the walk phase and 

the run phase. 

This same principle applies to the AI strategy of any organisation working to 

become a superpower AI organisation. 

In the Forbes article (Sherman, 2020), it is read: “Life is a journey. You cannot 

go from 0% to 100% goal attainment automatically or overnight. Success comes from 

setting mini goals and appreciating each milestone conquered.’’ People and 

companies can fail if they run at full speed before learning and implementing the 

basics first.  

With this in mind, all organisations should crawl first before they walk. This 

work aims to provide help during the crawl phase, where important decisions, such 

as technology and Data Science Platform, need to be made. 
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3.3 Data Science and Machine Learning (DSML) Platform 

 

Gartner defines a data science and machine learning (DSML) platform as a core 

product and supporting portfolio of coherently integrated products, components, 

libraries, and frameworks (including proprietary, partner-sourced and open-source). 

Its primary users are data science professionals, including expert data scientists, 

citizen data scientists, data engineers, application developers and ML specialists. 

(Gartner, 2022) 

The DSML platform:  

● Offers a mixture of basic and advanced functionality essential for building 

DSML solutions (primarily predictive and prescriptive models).  

● Supports the incorporation of these solutions into business processes, 

surrounding infrastructure, products, and applications.  

● Supports the sustainable consumption of insights derived from the 

platform, and offers functionality to quantify and track the value of data science 

projects.  

● Supports variously skilled data science professionals (“data scientist” is an 

inconsistently applied job title and professional distinction) — a DSML platform’s user 

base is often made up of professionals with diverse technical and business 

backgrounds.  

● Supports multiple tasks across the data science life cycle, including: 

● Problem and business context understanding  

● Data ingestion  
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● Data preparation  

● Data exploration  

● Feature engineering  

● Model creation and training  

● Model testing  

● Deployment  

● Monitoring  

● Maintenance  

● Data and model governance  

● Explainable artificial intelligence (XAI)  

● Business value tracking  

● Collaboration 
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3.4 RAI (Responsible AI) and XAI (Explainable AI) 

 

Every AI Solution should be responsible, and the machine learning models 

created should be explainable. This should be the end goal of all AI Solution Architects 

when designing and building Responsible and Explainable AI solutions. 

Responsible AI by Design in Practice: (Benjamins et al., 2019) The Data 

Scientist team when designing and building AI Data Products have to dedicate a 

significant amount of effort to review their machine learning models, to make sure 

that they are following the Responsible AI principles and spend time with the final 

users of the solution to make sure that they understand the machine learning model 

(Barredo et al., 2020), results and that they are capable of trusting the machine learning 

model and the solution before it goes to production.  

As explained by (Benjamins et al., 2019) “recently, a lot of attention has been given 

to undesired consequences of Artificial Intelligence (AI), such as unfair bias leading to 

discrimination, or the lack of explanations of the results of AI systems. There are several 

important questions to answer before AI can be deployed at scale in our businesses and 

societies. Most of these issues are being discussed by experts and the wider communities, and 

it seems there is broad consensus on where they come from. There is, however, less consensus 

on, and experience with how to practically deal with those issues in organisations that develop 

and use AI, both from a technical and organisational perspective.”  

AI Solutions have the potential to change the world for better, with this in 

mind, AI Solution Architects, the Data Scientist team and the entire organisation have 

to always consider all new and existing AI Data Product as a tool or a weapon, it is 

critical to understand what should be done to secure the reducing of the risks and to 

avoid undesired consequences of AI. 
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As said by Brad Smith, Microsoft President, in his book “Tools and weapons: The 

promise and the peril of the digital age” (Smith et al., 2021) companies should operate by 

a simple core belief: “When your technology changes the world, you bear a responsibility to 

help address the world you have helped create.” 

There is a trade off the Data Scientist team and the organisation will have to 

deal with, as it can be seen in the Figure 4 below (Duval, 2019), there are algorithms 

with high accuracy and low explanatory power. 

 

 

Fig. 4. Interpretability vs Flexibility. (Duval, 2019) 

 

When building AI Systems, the Data Scientist team will have to choose between 

various types of machine learning techniques and to select between different types of 

algorithms (black box or white box algorithms).  

The fundamental goal is to gain the trust and social acceptance of ML 

algorithms through interpretability and RAI practices. 
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The Table 1 and the Figure 5, presented below, show several types of ML 

techniques with examples. (Sarker, 2021). 

 

Table 1. Several types of machine learning techniques with examples (Sarker, 2021). 

 

 

Fig. 5. Machine Learning Types (Sarker, 2021) 

 

The easiest way to achieve interpretability is to use interpretable ML 

algorithms, white box, including linear regression, logistic regression, decision trees, 

RuleFit and Naive Bayes (Molnar, 2019). 

Interpretability is therefore a necessary milestone for the success of ML 

solutions and the use of AI itself. As stated by (Roy, 2017), "in the end, mathematical 

models should be our tools, not our masters", which is only possible with interpretability. 
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According to (Miller, 2019) and (Biran et al., 2017), it is possible to summarise 

that “Interpretability is the degree to which a human (an observer) can understand the cause 

of a decision".  

A justification explains why a decision is good, but does not necessarily aim to 

give an explanation of the actual decision-making process (Biran et al., 2017). 

Since the time of the very important question asked by Alan M. Turing (1950), 

Can machines think? Our society made significant progress towards building 

intelligent systems capable of performing tasks sometimes better than humans, but 

there is still a huge effort that needs to be done in order to make sure  expert systems 

responsible and explainable are designed and built.  

There is still much to push forward in the field of AI, ML and RAI. 

 

3.5 Developing innovative systems through responsible AI 

in Healthcare 

 

Innovation is the key to human progress, looking to the past it is possible to see 

how the world changed with the advance of every new important creation like 

electricity, car, internet, trains, aeroplane, medical drugs, computer, cloud computing, 

big data, AI, among many others. In the last years public health providers in the UK 

have invested to modernise their data platforms, they all aim to generate innovation 

using data and technology.    

Human interactions generate data, patients generate data, and by using 

modern technologies public health providers can collect, store, process, share, 

produce insights and make decisions based on these data, which makes them capable 
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of saving lives, reduce costs, improve patients’ lives and  bring health treatments to 

more people in a shorter period of time.   

The world of data combined with cloud computing and AI applied to Public 

Healthcare brings a huge potential to human kind. The current demand for the UK 

Public Healthcare services is bigger than what the system can provide, the use of data, 

cloud computing and AI have enormous potential to save lives.  

Modern Data and AI Platforms are capable now to store and process huge 

amount of data in a very short period and in a very reduced cost compared to the past, 

also the power of communication and the capability of the internet and the existence 

of public cloud providers are forces giving superpower to public health providers to 

achieve more innovation than before.  

The world of public healthcare providers is a very regulated and complex 

environment, to really achieve innovation it is necessary to have a remarkably high 

standard ethical process, it is important to make sure the patient is not being harmed 

or nothing is being done without his/her consent and following medical procedures. 

Recently with the expansion of the use of cloud computing, big data and AI, it 

has become noticeable that innovative systems are harming society and bringing 

attention to the dangers of non-ethical AI solutions.  When developing innovative 

systems it is key to do it through RAI (Benjamins et al., 2019).  

Public Healthcare providers should always build Data and AI solutions 

following RAI practices and no innovative system should be deployed in production 

without being reviewed by RAI experts (Benjamins et al., 2019).  

When developing innovative systems through responsible AI in healthcare, it 

is critical to design and build AI systems with fairness, model explainability and 
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accountability, always looking towards explainable AI (XAI) (Barredo Arrieta et al., 

2020). 

The challenge encountered by public healthcare providers in the UK is how to 

start their innovation journey, how to do a digital transformation and how to deploy 

AI solutions to production safely. Every patient is also a customer,  patients have 

needs, they are there to consume a service, they need critical attention and they have 

to obtain the best, there is no space for mistakes, the outcome is super critical, it 

requires to be an outcome of extreme high quality and precision, the importance of 

the quality of the service is critical for the patients/customers life.   

From the patients/customers perspective, every customer will define their own 

customer journey map (Lemon et al., 2016) in relation with the brand, in this case the 

public healthcare provider. Their customer/patient experience and their journey will 

be recorded by many different healthcare systems and locations the patient interacted 

with during the time the public healthcare system was treating them. 

Unfortunately in some occasions, as reported by the news, patients die or have 

issues as result of a not ideal treatment or for mistakes. Inside the public healthcare 

system, it is possible to find many opportunities to improve the existing process using 

cloud computing, big data, and AI, with this hope and goal to achieve excellence many 

experts are investing in developing innovative systems through RAI in healthcare. 
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3.6 Data & AI Supermarket Cloud Architecture and AI Data 

Products  

 

Data & Artificial Intelligence Supermarket Cloud Architecture (DAISCA) 

developed to help the Data Scientist team to build AI Data Product to run on the cloud 

at scale. 

An AI Data Product has the goal to provide a Data & AI Service at Scale; for 

example: identify individuals suitable for high volume low complexity (HVLC) 

recovery programmes. (Green, 2022). 

Many organisations are investing in the creation of AI Data Products, but most 

of them will not end in production for many reasons. The initial step to build an AI 

Organisation is to set up the foundations, for this reason it was proposed the Data & 

AI Supermarket Cloud Architecture (Moreno et al., 2019); this conceptual 

architecture can be adapted to the available technology existing in the top Public 

Cloud providers like Amazon, Google, and Microsoft. 

 

To create clarity on how to create a new AI Data Product inside an organisation, 

the author suggests the following ten steps below: 

 

1. The Business Problem: identify the Business problem to be solved. For 

example: identify individuals suitable for high volume low complexity (HVLC) 

recovery programmes. (Green, 2022). 

2. The Value of the Opportunity: establish the size of the opportunity 

(Potential Market value of this AI Data Product), the risk of success and failure, the 
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cost, the competitive advantage, and all other potential gains this AI Data Product 

may generate. This is when it is defined as the Business Case for the experimentation 

phase and based on which the decision to invest on the creation of the AI Data 

Product, is made. 

3. The Dream (Think Big at this moment): identify the desired outcome(s); 

here it is possible to set real target(s) but without limitation of time, technology or 

number of people involved. It is even possible to only take into account, at this point, 

the ‘’what to do’’ and not the ‘’how to do’’. 

4. The Data: identify the potential data source(s) and system(s)  available as 

the input data for the AI Data Product. It is necessary to consider the granularity of 

defining the input dataset(s) needed, even pondering about the columns .  

5. Do good, Do not be evil: analyse data through a RAI review. In order to do 

a RAI review it is needed to reflect if this AI Data Product will harm someone, or what 

is the cost of a bad prediction.  

6. The Audience: ponder who will use this AI Data Product, describe the AI 

Data Product personas. 

7. The Tech and the Solution Architecture: determine the Data Product 

Intelligence Build Process.  

In this step  the idealisation is not needed,  this is the complicated part, this part 

will in the future involve Data Engineering and Data Science,  a Data Science Team 

and all the help available from different types of specialists.  This is the step of sorting 

out how to ingest the data, how to store the data, how to process the data, consider 

the different technologies, products and services available, define  how to train your 

model, how to test, how to deploy, how to automate the process, how to distribute the 
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AI Data Product, how to monetize the AI Data Product, how to launch your AI Data 

Product to the market, how to sell or freely share, etc. 

8. The AI Data Product output and distribution strategy: consider how 

people will consume (dataset, real time API endpoint, SMS Alert, Dashboard, Excel 

file, TXT file, JSON file, mobile app). 

9. Production Strategy, after the Most Viable Product (MVP) is finished,  and 

all the previous steps are completed, it is time to move the AI Data Product to 

production using ML Ops and the Cloud. This is, most of the time, when most of the 

companies fail, most of the Data Science team are not trained to move AI Data 

Products to production and most of the companies do not have the required cloud 

infrastructure, security and expertise to move AI Data Products to Production. 

10. Maintain and Evolve the AI Data Product: the production team needs to, 

as frequently as required, monitor the AI Data Product, fix bugs, improve the accuracy 

of the AI Data Product, train new people on how to use the Data Product, deal with 

new requirements from existing or new users, monitor model degradation and 

improve the existing ML Model. This is a continuous step, the data will change, the 

market will change constantly and the AI Data Product will have to evolve. 

 

3.7 Multi-criteria decision making (MCDM) 

 

 

Multi-criteria decision making (MCDM) is a structured technique used in 

organising and analysing complex decisions. The concept, first developed in the early 

1970s, has been researched and further refined through the years; it assists decision-

makers to select the best alternative considering the impacts of choices along multiple 

dimensions. MCDM is a well-known branch of operations research, which is used by 
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both public and private entities for making and supporting extremely complex 

decisions involving policy priorities, trade-offs, and uncertainties. The common 

working principles of MCDM includes selection of:  

(i) criteria,  

(ii) alternatives,  

(iii) weighing or outranking methods, and 

(iv) aggregation method. 

 

There are several MCDM methods, such as AHP, Fuzzy AHP, Technique for 

Order Preference by Similarity to an ideal Solution (TOPSIS), Elimination and Choice 

Expressing Reality (ELECTRE) and Grey Theory., which are applicable in many 

domains and help to select optimum alternatives by analysing different scope and 

weights for the criteria. Broadly, MCDM can be classified into two categories: 

 (i) Multi-Objective Decision-Making (MODM) in which analysis is based on 

multiple and competitive objectives, 

(ii) Multi-Attribute Decision-Making (MADM) in which analysis is based on a 

set of criteria. 

MCDM methods are techniques to support decision-making given a finite 

number of alternatives, as well as a finite set of alternatives, and a set of objectives and 

criteria for evaluating the alternatives and their classification based on the level of 

satisfaction of the objectives. One of the principles of multicriteria approaches is to 

help decision-makers to organise and synthesise this information in a way that they 

feel comfortable and confident about decision making. 
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A multicriteria decision problem can be defined as a situation in which there 

are at least two alternatives for choosing, to meet multiple (possibly conflicting) 

objectives, complex alternatives, important uncertainties, and significant 

consequences, and a decision needs to be made. These objectives are associated with 

variables that represent it and allow the evaluation of alternatives. 

MCDM problems can be divided into two classes:  

(i) Compensatory – various attributes of an alternative are systematically 

evaluated (e.g., AHP), 

(ii) Outranking – outranking to seek to eliminate alternatives which 

outperforms on enough criteria of sufficient importance (e.g. ELECTRE). 

A decision problem is based on a set of finite alternatives A : {a, b, c,...} and a 

set of judgement criteria C : {1,...,k,...p}. Given the alternatives and criteria, a matrix V: 

{Vk(a)}is obtained reflecting the viewpoint of the DM, where VK(a) corresponds to the 

evaluation of alternative a (a  A) with respect to criteria k. Value judgement for each 

criteria can be expressed on either a cardinal or a verbal scale. These scales are 

employed for ordering alternatives with respect to criteria and to weight the criteria. 

By directly using verbal scales, judgemental statements are converted into numerical 

values read on the cardinal scale (Falter et al., 1999). The classical approach adopted 

in MCDM is to use a utility function. The shape of this function is concave-down for 

risk averse persons, suggesting that after a certain value of risk the utility grows 

slower than expected. For risk seeking behaviour, there is a tendency to increase utility 

faster with increased risk, resulting in a concave-up form. Neutrality is represented as 

a linear function. To get a global evaluation and a ranking of the alternatives, the value 

judgement matrix is normalised, say to 0-1, for each alternative and transformed using 

a set of weights, gk, associated with the importance of the criteria  k. The final value 

of each alternative is obtained by summation of the transformed scores. 
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Like the utility function, for prospect theory the shape of the value function 

explains risk aversion and risk seeking behaviours. While utility expresses the 

psychological preferences of a DM, the value function is measuring the differences in 

utility or preference. 

 

 

3.8 Balanced Scorecard (BSC) 

 

 

 

Robert S. Kaplan and David P. Norton, (Kaplan et al., 1992) introduced the 

balanced scorecard, the article they wrote in Harvard Business Review was based on 

a multi-company research project that studied performance measurement in 

companies whose intangible assets played a central role in value creation (Nolan & 

Norton, 1991). Their interest in measurement for driving performance improvements 

arose from a belief articulated more than a century earlier by a prominent British 

scientist, Lord Kelvin (1883): 

They often say that when you can measure what you are speaking about, and express it 

in numbers, you know something about it; but when you cannot measure it, when you cannot 

express it in numbers, your knowledge is of a meagre and unsatisfactory kind. 

If you cannot measure it, you cannot improve it. 

BSC has been widely used by many organisations (Barbosa et al., 2020) in order 

to improve organisations  (Kaplan, 2009) it can be also utilised in non‐profit 

organisations (Kaplan, 2009), in particular hospital sector organisations (Urrutia et al., 

2005).  

The Public Healthcare Sector, in many countries around the world, is under 

high pressure in recent years, and finding ways to better measure and innovate can 
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play an important role in society. Many high-level healthcare administrators consider 

that the use of BSC can be highly beneficial to healthcare organisations (Chow et al., 

1998), (Zelman et al., 2003). 

‘’The balanced scorecard is like the dials in an airplane cockpit: it gives managers 

complex information at a glance.’’ (Kaplan et al., 2005). 

 

 

 

3.9 Analytical Hierarchy Process (AHP) Model 

 

According to the author (Saaty, 1988), the AHP is a decision making model that 

aids  in the process of making decisions in a complex world. It is a three-part process which 

includes identifying and organising decision objectives, criteria, constraints and alternatives 

into a hierarchy; evaluating pairwise comparisons between the relevant elements at each level 

of the hierarchy; and the synthesis using the solution algorithm of the results of the pairwise 

comparisons over all the levels. Further, the algorithm result gives the relative importance of 

alternative courses of action. 

In an everyday environment and more so in the business world, the decision-

making problem is critical, complex problems arise daily and many times they are not 

easy to solve because they involve a large volume of criteria, sub-criteria and 

alternatives (Khaira et al., 2018).  

Factors that must be taken into account within DM processes are: the number 

of criteria, the decision environment and the number of experts (Cid-López et al., 

2016). 

● The number of criteria: If the number of criteria is greater than one, it means 

that it is a MCDM problem. These problems are much more complicated to solve than 
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problems involving a single criterion, since they require an information unification 

step, and in many cases this information is heterogeneous. 

● The decision environment: If all the factors that intervene in the decision 

problem are exactly known, it means that it is an environment of certainty. On the 

contrary, if the information held  is imprecise or not very specific, then  it is a decision 

problem with uncertainty. And if any of the factors responds to chance, the 

environment is at risk. 

● The number of experts: In the case of several experts participating in the 

decision making, the problem becomes more complicated, since it becomes necessary 

to have the ability to add the information of all the experts to solve the problem. 

However, different points of view provide a more satisfactory solution to the problem, 

known as group decision making (GDM). 

The most common in business environments is that DM problems involve 

multiple criteria and multiple experts (MCDM-ME). 

Within the MCDM models is the AHP method (Saaty, 1988). Based on 

mathematics and psychology, it is designed to solve complex multi-criteria problems 

(Bernasconi et al., 2009). 

  The main characteristic of the AHP model is that the decision problem is 

modelled through a hierarchy whose upper vertex is the main objective of the 

problem, a goal to be achieved, and at the base are the possible alternatives to be 

evaluated. The intermediate levels represent the criteria (which in turn can also be 

structured in hierarchies) based on which the decision is made. The second 

characteristic of the method is that, at each level of the hierarchy, comparisons are 

made between pairs of elements of that level, based on the importance or contribution 

of each one of them to the higher level element to which they are linked. Finally, once 

the contribution of each element to the elements of the immediately higher level of the 
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hierarchy has been evaluated, the global contribution of each alternative to the main 

objective or goal is calculated by means of an additive type aggregation. (Saaty, 2002; 

Saaty, 2013).  

In the presented model (which we created) the AHP model will be used to 

establish the weights of each criteria that will determine the final points for each one 

of the Solutions proposed.  

This entire process is detailed in the following subsections. 

 

3.9.1 Structuring the decision problem in a hierarchical model  

 

 

The first step of the AHP method is to model the decision problem to be solved 

as a hierarchy. This fact is one of the main characteristics of the method, hence the 

term “hierarchical” appears in its name. 

It consists of breaking down the decision problem into elements, according to 

their common characteristics, visually building a hierarchical model of different 

interrelated criteria’s, facilitating their understanding and evaluation. The first level 

always contains the objective of the problem, G, the second level is constituted by the 

criteria’s, this level can be subdivided into sub criteria, and the last level contains the 

different alternatives. Thus, in this step is defined the set of alternatives 𝐴 =

{𝑎1, … , 𝑎1#𝐴} and the hierarchical criteria for its evaluation C. 𝐶1 = {𝑐11, … , 𝑐1𝐶1}, each 

of these criteria 𝑐1𝑖 p can, in turn, be divided into sub criteria, at various levels, 𝑐1𝑖𝑗 =

{𝑐1𝑖1, … , 𝑐1#𝐶𝑖𝑗}  and so on recursively, as seen in Figure 6. 
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Fig 6. Example of AHP hierarchical structure  

 

As it is shown in Figure 6, the objective of decision making is at the higher level, 

the criteria and sub-criteria define the lower levels, the alternatives are defined based 

on criteria and sub-criteria. It is important that there are no dependencies between 

criteria so that the AHP methodology can be representative, and the conclusions 

obtained are the most appropriate to the defined decision problem. 

 

 

 

 

3.9.2 Pairwise comparisons and obtaining the 

assessment matrix 

 

 

In this step, the opinion of the deciders is used to make a pairwise comparison, 

that is, the elements of a particular level with respect to a specific element of the 

immediately superior level, in this way, 𝑃𝑊 = (𝑝𝑤𝑖𝑗) 𝑛 × 𝑛 is a pairwise comparison 

matrix where the elements 𝑝𝑤𝑖𝑗 represent the importance of criteria 𝑖 over the criteria 

𝑗, evaluated by those responsible for decision making, where the value of the relative 

importance of one criteria with respect to another in relation to the objective, as well 

as the relative importance of a sub-criteria n with respect to another in relation to the 
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parent criteria, which are represented through the predefined rating scale of numbers 

in Table 2. Every entry 𝑎𝑖𝑗 of the pairwise comparison matrix is governed by the 

following rules: 𝑝𝑤𝑖𝑗>  0; 𝑝𝑤𝑖𝑗 = 
1

𝑝𝑤𝑖𝑗
  and its reciprocal; and 𝑝𝑤𝑖𝑗 = 1 for every i. 

 

Value Meaning Explanation 
1 Equal importance 

 

Both elements contribute equally to the goal. 

 

2 Weak or Light  

3 Moderate importance Experience and judgement slightly favour one activity over another. 

 

4 Moderate plus  

5 Great importance Experience and judgement strongly favour one activity over another. 

 

6 Importance plus  

7 Very strong importance One activity is greatly favoured over another. 

8 Very, very strong importance   

9 Extreme importance The evidence favouring one activity over another is of the highest order of 

affirmation possible. 

Reciprocal Values  If activity i is assigned one of the above nonzero numbers when compared to 

activity j, then j has the reciprocal value when compared to i.  
 

Table 2. Saaty Scale (Saaty, 2008) 

 

 

 

 

 

3.9.3 Obtaining local weights and reviewing the 

consistency of comparisons 

 

The vector of weights of the criteria, w, is constructed using the eigenvector 

method through the following equation: 

∑

𝑛

𝑗=1

𝑝𝑤𝑖𝑗𝑤𝑗 = 𝜆𝑚𝑎𝑥𝑤𝑖 
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Where 𝜆𝑚𝑎𝑥 is the maximum eigenvalue of 𝑃𝑊 and 𝑤 is the normalised eigenvector 

associated with the principal eigenvalue of 𝑃𝑊. This approach provides the best 

priority weights for each criterion or sub-criteria. The consistency of the AHP method 

can be checked through the Consistency Ratio (CR) which is defined as: 

 

𝐶𝑅 =
𝐶𝐼

𝑅𝐼
 

 

That is, the ratio between the Consistency Index (𝐶𝐼), defined as 
𝜆𝑚𝑎𝑥−𝑛

𝑛−1
 and the Random 

Consistency Index 
𝜆𝑚𝑎𝑥−𝑛

𝑛−1
 , see Table 3, which represents the consistency of a randomly 

generated pairwise comparison matrix. If 𝐶𝑅 ≤  0.1 The results of the individual 

hierarchical type are satisfied and consistency is guaranteed, otherwise it will be 

necessary to adjust the values of the elements of the pairwise comparison, and the 

judgments will have to be adjusted again by the deciders until they are consistent. 

 

 

n 1 2 3 4 5 6 7 8 9 10 

Random 

Consistency Index 

(RI) 

 

0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 

 

Table 3. Random consistency values depending on the size of the array. (Thomas L. Saaty, 2008) 

 

On the other hand, it is possible to use the following sections, shown in Table 

4,  provided by Saaty, to assess whether the resulting matrix of the AHP model is 

consistent or not. 
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Matrix Size (n) Consistency Ratio 

3 5% 

4 9% 

≥5 10% 

 

 
 

Table 4: Consistency limits (Saaty, 2008) 
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4. Definition of a Conceptual Framework for Market 

Oriented Organisations Based on an Artificial 

Intelligence Cloud Architecture 

 

To answer the objectives 1 and 2, presented in the Introduction of this work, in 

this chapter is defined the following: a RAI Cloud Digital Transformation Strategy and 

a Cloud Conceptual Architecture capable of guiding organisations towards an AI 

Digital Transformation. The proposed Conceptual Cloud Architecture created by the 

authors, and published in an academic paper in 2019, called “Data and artificial 

intelligence strategy: A conceptual enterprise big data cloud architecture to enable market-

oriented organisations” (Moreno et al., 2019), available in the appendix section, is 

explained in more details in the fourth chapter “Definition of a Conceptual 

Framework for Market Oriented Organisations Based on an Artificial Intelligence 

Cloud Architecture”.  

The deficiencies that were found in item Market-Oriented Enterprise Strategy 

Based on Data, as seen in the chapter two of this work, have led to the proposal of a 

new conceptual framework that will be described in this section. 

Most of the modern organisations have invested, for many years, in a 

conceptual framework similar to the one proposed by Stone and Woodcock (Stone et 

al., 2014), and explained in the previous section, as the way to implement their Market 

Orientation. However, with the increasing amount of data volume, with a variety of 

formats (unstructured, semi structured and structured) that are produced (and 

therefore they have to be processed) at high velocity, organisations are now obligated 

to materialise a new Big Data paradigm  (Gandomi et al., 2015) capable to adapt to 

these new challenges. Although there are several proposals for the use of Big Data 

adapted to certain sectors (Baldominos et al., 2018), (Bodas-Sagi et al., 2018), the new 
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components of this MO architecture, that solves these Big Data challenges, have not 

been fully formalised until now. 

Thus, in this section, it is proposed a new formal framework for companies that 

want to adapt to a Big Data MO strategy. For this purpose, the formal framework, 

presented in Figure 3, is redefined by adding the necessary components. The new 

proposed framework can be seen in Figure 7. The changes introduced are explained 

below: 

 

Fig. 7. A conceptual Big Data MO strategy architecture (Moreno et al., 2019) 
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4.1 Data 

 

In this architectural data layer, a fundamental new source for companies, that 

comes from the Internet of Things (IoT), also named Internet of Everything, is 

incorporated (Moreno et al., 2019). It is a new technology paradigm envisioned as a 

global network of machines and devices capable of interacting with each other (Atzori 

et al., 2010). A practical example of the use of IoT data is the one called smart trains, 

where the railway industry is exploiting the opportunities to use IoT data. This new 

data will enable predictive maintenance, smart infrastructure, advanced monitoring 

of assets, video surveillance systems, energy efficiency, etc. (Fraga-Lamas et al., 2017). 

Special emphasis must be placed on the usefulness of the market data that this 

new technology will bring for MO companies (Nguyen et al., 2017). Therefore, the 

value proposition of IoT data in MO companies is to receive real-time data coming 

directly from connected objects on the internet, capable of providing rich market 

insights to improve business outcomes. 

 

4.2 Data Management Solutions for Analytics 

 

Another addition to the architecture is this new layer called Data Management 

Solutions for Analytics (DMSA) instead of the DW layer. Although the DW 

component is still valid at present for the functions indicated in previously, it is clear 

that the large volume of data, which Big Data implies with such data, produced in 

real-time and with a variety of formats (more and more, among other factors, by the 

greater implantation of IoT sensors, as seen in the previous point), cannot be included 

in the conventional DW with the conventional ETL processes discussed. 
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This nomenclature has been used by Gartner that defines DMSA as “a complete 

software system that supports and manages data in one or many file management 

systems, most commonly a database or multiple databases.’’ (Gartner, 2022). Gartner 

also evaluates the different software products that support the DMSA. This evaluation 

includes only the main products and many of them are specifically focused on the 

cloud (Google, Amazon AWS and Microsoft Azure) (Gartner, 2022). In effect, the 

cloud allows the ingestion of this large volume of data. 

According to the National Institute of Standards and Technology (NIST) (Mell 

et al., 2011) , Cloud Computing is “a model for enabling ubiquitous, convenient, on-

demand network access to a shared pool of configurable computing resources (e.g., 

networks, servers, storage, applications, and services) that can be rapidly provisioned 

and released with minimal management effort or service provider interaction”. Cloud 

providers, according to Iorga & Karmel (Iorga et al., 2015), provides “economies of 

scale, cutting-edge technology advancements, and a higher concentration of expertise 

enabling cloud providers to offer state-of-the-art cloud ecosystems that are resilient, 

self-regenerating, and secure—far more secure than the environments of consumers 

who manage their own systems”. Cloud is a key weapon to allow companies to adjust 

to market demand; the data and the market will grow, and the data architecture will 

have to grow to adapt. Most of the main cloud providers (Microsoft, Google, and 

Amazon) in the last years invested heavily to create state-of-the-art data and AI 

services to enable small, medium and large organisations to use the cloud to transform 

their business into MO companies. 

At present, there are two main pieces included in the DMSA: The Data Lake 

and the DW in which the cloud component will be fundamental. They are explained 

in more detail below: 

A Data Lake is a centralised data repository that allows enterprises to collect a 

larger volume and variety of data and store all structured, semi-structured and 
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unstructured data at any scale without the rigidity and overhead of traditional DW 

architectures (Dixon, 2010). Very often this data repository runs on a cloud provider 

in which case it is usually called Cloud Data Lake. Data Lakes have a high degree of 

flexibility and scalability in such a way that it allows MO companies to ingest all the 

market data in general, including that of their own customers and competitors. This 

is possible thanks to the characteristics of these repositories (O'Leary, 2014), 

(Pasupuleti et al., 2015) that scale as much as possible; plug-in disparate data sources; 

acquire high-velocity data; store in native format; do not worry about original data 

schema; run massively parallel Structured Query Language (SQL) queries; and allow 

advanced algorithms like deep learning that will power real-time decision analytics 

(as it will be seen in the Insight Generation layer).  

 

In a Data Lake there are two main levels:  

 

Raw Zone. This tier has the capacity of storing data as-is, i.e., raw data, without 

having to first structure these data (see Figure 8). Therefore, raw data is data not 

classified when they are stored. As a result, data preparation, cleansing, and 

transformation tasks are eliminated. The meaning of this storage philosophy is that 

(Pasupuleti et al., 2015): “Storing data in its rawest form enables us to find answers 

from the data for which we do not know the questions yet; whereas a traditional data 

warehouse is optimised for answering questions that we already know”. At a 

technological level, this layer is a folder stored thanks to distributed file systems such 

as Hadoop File System (HDFS).  

Curated Zone. Where the result of different types of analytics, using Big Data 

processing engines, is stored (see Figure 9). Only high value data are stored as files 

inside the Curated Zone in a folder (often in HDFS); it means data that passed quality 
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data checks, i.e., data cleansing, data transformation and data enrichment (Pasupuleti 

et al., 2015). This data, available in the curated zone, can be used to ad-hoc dashboards 

and visualisations, real-time analytics, and machine learning to guide better decisions. 

 

Fig. 8. Plug in disparate data sources into the Cloud Data Lake: Raw Zone. (Moreno et al., 

2019) 

 

 

 

Fig. 9. Plug in disparate data sources into Cloud Data Lake: Raw Zone, clean, transform and 

enrich and store in the Curated Zone. (Moreno et al., 2019) 

 

About the other main component of the DMSA, i.e., the typical DW, it still plays 

a fundamental role in the enterprise data architecture of any MO organisation, and it 
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is a key component of the data landscape. However, in a Big Data environment, it 

often starts in a Cloud Data Warehouse. The reasons are multiple (LaPlante et al., 

2016): to reduce cost, increase security, simplify maintenance, and to make possible 

unlimited and easy DW growth. As mentioned, data is growing in an exponential 

form, and MO organisations need to adapt using modern Cloud DW architectures. 

Parallel database systems (DeWitt et al., 1992) have been available for organisations 

for many years and provided enterprise capabilities to run large SQL queries on a 

large amount of data for many business users in traditional reporting and analytics 

systems. This new Cloud DW must: maintain the capability to run large SQL queries 

in a large amount of data, run in the cloud, use Massive Parallel Processing (MPP)  

(Inmon et al., 2014) with storage and compute decoupled and allow unlimited growth 

and high SQL query performance. 

Other advantages of using the cloud in this layer are that MO companies can 

program their cloud infrastructure using automatic scaling capabilities. One of the 

main benefits is cost reduction. Automatic scaling allows services to go to sleep during 

times of low load and can handle unexpected traffic spikes. 

As seen, DWs are loaded by ETL processes. Having expanded the storage 

philosophy with the Data Lakes explained, it is necessary to also extend the 

philosophy of these processes incorporating ELT (Extract, Load, and Transform) 

processes where data is extracted from the source, then loaded into a landing area in 

the Data Lake, transforming it where it sits in the Data Lake and then loading it into 

the Curated Layer of the Data Lake or DW. When the data is extracted from the source 

into the landing area (Raw Zone), it is a raw copy, meaning the column “names” is 

kept the same as in the source database and data is not converted. In most cases, in 

Big Data projects, it is preferable to use ELT instead of ETL. ELT has the benefit of 

minimising the processing on the source, since no transformation is being done, which 

can be extremely important if the source is a production system where it could be 
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impacting the user experience as opposed to a copy of the source (via replication, 

database snapshot, etc.). The negative side of this approach is that it may take longer 

to get the data into the target system data lake or data warehouse, also with the 

landing area there is an extra step in the process, and more disk space will be needed 

for the landing area. 

 

4.3 Insight Generation 

 

As described previously, this layer is supported largely by AI and ML. The new 

proposed architecture adds two new key elements for MO companies to increase the 

monetary value of the current data asset. On one hand, some components that will 

imply a change in the AI model making process conception that will allow increasing 

their power and the industrialization of them: Cloud AI and Automated machine 

learning (AutoML). On the other hand, there is a fundamental element that is the 

incorporation of the new AI models that are revolutionising the business world, with 

special mention to Deep Learning algorithms due to the repercussions that it will have 

in the MO companies. These commented elements are explained below in more detail: 

Cloud AI. As seen, AI plays a fundamental role in the Insight Generation layer. 

Thus, Cloud providers invested a considerable amount of money and time to build 

research teams to create state-of-art AI services and more specifically Cloud ML 

services (Arulmurugan et al., 2019). Some of these important providers are (L’heureux 

et al., 2017): Google Cloud Machine Learning Platform, Microsoft Cognitive Services, 

Amazon Machine Learning and IBM Watson Analytics. Having said that, it is 

proposed that MO companies select from the available Cloud AI services that will 

enable them to differentiate from their competitors instead of building their own 

(including the typical models presented in Figure 7: customer segmentation, channel 
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optimization, brand sentiment, etc.). This approach will reduce the cost of hiring 

highly skilled, expensive and scarcest experts, also reducing the time to market of new 

insights generation solutions and spending less time/money in AI research. Most of 

these AI services will not even require minimum AI skills and will be available in the 

Cloud for software developers to integrate using Application Programming Interfaces 

(APIs). It should be noted that the suppliers of these new Cloud AI services also have 

the advantage of being able to train the ML algorithms with much more data that the 

company itself could have. This implies that, in many cases, they will be much more 

efficient models. A real example could be for a MO company to use cloud text analytics 

services to better understand what customers are writing about companies’ products 

and services in the social media or to automatically review customer’s comments in a 

website or in a contact centre. 

AutoML is a software that can run in the cloud or in a local computer that 

enables developers with limited ML expertise to train high-quality models. With the 

shortage of specialised professionals (Davenport et al., 2012), the use of Auto ML tools 

(Hutter et al., 2015),  (Olson et al., 2016) in MO companies can increase the capacity of 

the insight generation team. 

Deep Learning. They are an evolution of artificial neural networks composed 

of multiple processing layers to learn representations of data with multiple levels of 

abstraction  (LeCun et al., 2015). In MO organisations Deep Learning can play an 

important role in improving existing ML models to forecast time series data (sales), 

monitor the brand sentiment, understand customer behaviour using text analytics/ 

NLP (Natural Language Processing), detect customers using face recognition 

techniques, etc. (Lipton, 2018), (Samek et al., 2017). 

Most MO companies in the last decades used the Insight Generation process to 

increase company value, reduce costs, understand better their customers and 

competitors, and provide relevant insights for the business. The purpose of this new 
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framework is to add the Data Supermarket, a place to commercialise the data 

products generated by the insight generation process, to other consumers exchanging 

them for a monetary value (Telefonica, 2019). A typical insight generation process is 

developed by a multidisciplinary data scientist team, where raw data is converted into 

insights and data products. The proposed contribution is to define the Data 

Supermarket as a key element in the Big Data monetisation strategy where data 

products created by this Big Data Scientist team, will be shipped as data products in 

the form of services or products to internal or external consumers. Smart Steps from 

Telefonica is a successful example of building data products and providing them to 

external companies. Smart Steps is an insight solution that uses anonymized and 

aggregated mobile network data to provide useful insights (Telefonica, 2019). 

Therefore, the principal goal of the Data Supermarket is to generate new revenue to 

the company and enable the organisation to increase penetration in new markets, not 

explored before. Organising the data into one single repository and creating a data 

product catalogue is also a benefit for the end business users. Data will be 

democratised to the business users with a proper data definition (Bengfort et al., 2016). 

In Figure 10 is shown the lifecycle to build data products and sell in the Data 

Supermarket. As mentioned, the Data Supermarket concept is based on a normal 

supermarket. In daily life people can buy multiple products in a single place, they are 

all available in the supermarket. The same concept can be transposed to data. Using 

this same idea, it is proposed that data will come from different data suppliers (source 

systems), ingested/moved to the Raw Zone (landing zone) where the raw data is 

organised in a catalogue (raw area). The next step is to transform the raw data into 

different data products according to the internal and external business user’s needs. 

Like the experience of going to a food supermarket, where all the products are 

gathered and arranged in an organised manner. 
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Fig. 10. Data science lifecycle to build data products and sell in the data supermarket. 

(Moreno et al., 2019) 

The benefit of a data supermarket is the synergy of having best practices 

applied to activities like data collection, data transformation, data storage and data 

consumption. All the complexity of dealing with data is hidden from the end business 

user and presented in the Data Supermarket in a better user experience. The 

presentation of the Data Supermarket store will manage the important tasks of data 

access, data security and data commercialization (free or paid) for internal or external 

users. The data supermarket store is the broker responsible for selling data products 

and for allowing market-oriented companies to profit from the data products available 

in the company data asset. The future data supermarket/data marketplace could 

become an important key asset of the modern MO organisation. 
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4.4 Action 

 

The MO scheme requires to be continuously adapting to changes in this market 

precisely (behaviour of customers, competitors, etc.). It is for this reason that this 

Action layer should facilitate this continuous adaptation. In this layer, some 

components were added with the aim of automating many of their tasks and therefore 

drastically reducing the staff that performs them. Automated agents will replace this 

staff to perform some specific tasks with more velocity and accuracy. Thus, it is 

proposed the addition of new components, real-time alerts and chatbots, which are 

described below: 

Real-time alerts system. A MO company needs to be able to notify in real time, 

to their decision makers, the essential information for decision-making. The real-time 

notification system will communicate with the decision maker through the best 

notification option available and desired by the user. The most common notification 

mechanisms/systems are SMS, Phone Calls, e-mail, WhatsApp, iOS/Android mobile 

notification, desktop alert, mass notification, led wall boards, drones, autonomous 

cars and robots. These systems provide only the essential information that needs to be 

monitored in real time; and in case that certain rules happen the required actions can 

be taken consequently. 

Chatbots. Answering to clients is another important task that MO companies 

need to accomplish, and there is a technological capability that can help organisations 

with this requirement: the chatbots. A chatbot is a software aimed to simulate the 

conversation of a human being (Shawar et al., 2002),  (Weizenbaum, 1966), i.e. that can 

interact with humans by text or voice, responding queries using sophisticated natural 

language processing and speech recognition techniques, they can also retrieve 

historical information from the DMSA layer and respond personalised questions like 

‘’what is my current bank balance’’, ‘’what is my national insurance number’’, ‘’how 
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many days do I still have available for annual leave’’, etc. The insurance company 

Norwich Union, an Aviva company, is a real example of using chatbots as an 

automated customer service representative. These virtual agents (chatbots) were 

designed to help with general queries regarding products (Jenkins et al., 2007). 

DevOps (Development Operations) (Walls, 2013). To enable MO companies 

to better serve their customers and compete more effectively in the market, it is 

proposed the usage of DevOps, which is “a combination of cultural philosophies, 

practices, and tools that increase an organisation’s ability to deliver applications and 

services at high velocity” (What Is DevOps? - Amazon Web Services (AWS), n.d.). This 

component is especially important for the development of technical services of 

companies since it is a methodology that allows its automation. In this way, the 

knowledge obtained from the corresponding layer can be implemented more quickly. 

 

4.5 Outcomes 

 

 

Outcome’s layer includes the continuous motorization of the Key Performance 

Indicators (KPI) to check the effectiveness of the actions. It should be noted that many 

of these business actions are proposed or executed directly by ML models, so it is 

necessary to control these automatic decision makers. Thus, the knowledge 

discovered by these AI techniques is not universal, and its results will be degraded as 

the behaviour of the market changes (consumers, competitors, etc.). Therefore, it is 

considered essential to incorporate constant monitoring and management of these ML 

models: 

ML Model Management. (Vartak et al., 2016).  It is a set of techniques and 

software that are used to manage ML models. It automatizes the ML lifecycle (Zaharia 
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et al., 2018) in MO organisations. It helps organisations to measure the results of the 

ML models and guarantee the history of all the ML iterative processes. In this way, 

when it is identified that a ML model is no longer useful, it will be automatically 

replaced by others. 

The market is constantly evolving; thus, MO organisation has a huge advantage 

compared to non-market-oriented companies (Kumar et al., 2011). This difference has 

been increased in those MO companies that have effectively used the data for decision 

making, incorporating AI techniques to increase sales, reduce costs, improve customer 

satisfaction, develop new value propositions, etc. 

Because of the emergence of Big Data and AI, every company will have to 

invest in a new data and AI strategy, learn how to leverage existing internal data, buy 

new data from other companies and extend new capabilities to become data-driven 

companies (Ye et al., 2017). This journey is mandatory in the digital era that we all live 

in. There is no way a company will survive without shifting to a data culture, the 

market is evolving rapidly, and new products will disrupt companies and change 

entire industries.  

In the context that there are many disoriented companies on how to adapt their 

classic conceptual architectures and take advantage of the great potential of this 

immense volume of data, this work proposes a conceptual Big Data Science Cloud 

Architecture, that aims to set the foundational building blocks for a modern MO 

organisation, capable to support Data and AI use cases and provide the flexibility 

necessary to add or remove capabilities according to market needs. 

Companies that adopt the proposed formal framework will bring agility and 

many possibilities to get new marketing insights and to innovate and create new P/S 

individually adapted to the needs of each of its customers  (Carrasco et al., 2018). 
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As an additional advantage, companies that know how to make their own 

decisions based on data in the context of Big Data, can consider new lines of business 

based on the commercialization of data and knowledge. For this reason, it has been 

incorporated into the formal framework the Data Supermarket component dedicated 

to selling Data Products that are powerful weapons that will drive innovation and 

additional revenue for organisations.  
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5. A MCDM model to guide the Organisation 

in the Artificial Intelligence Digital 

Transformation and Market. Case Study in the 

UK Public Health Provider Sector. 

 

In this chapter is shown the solution for the objective 3, raised in the 

Introduction of this paper, and its aim is to propose a novel MCDM model to guide 

organisations towards AI Digital Transformation on how to simulate scenarios, based 

on organisation strategy criteria on dealing with the uncertainty of selecting the most 

suitable enterprise Data Science and Machine Learning (DSML) platform in Azure, to 

implement in an organisation looking to innovate using AI, ML and Cloud computing. 

The proposed novel MCDM model is explained in detail in the fifth chapter. The 

model was also applied to organisations in the UK Public Health Provider Sector. 

Public Healthcare Providers in the UK are looking to improve patient’s lives 

using AI technology. In order to do that, they are investing in a new Data Science and 

Machine Learning (DSML) platform designed to scale and support many use cases. 

In the past years, the author has worked in a new MCDM model capable of 

guiding organisations to move from descriptive analytics to prescription advanced 

analytics, selecting their new ML Platform in the Microsoft Azure Public Cloud .  

New AI/ML use cases require a different approach compared to more 

traditional approaches used already by healthcare organisations. 
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Even though this paper  describes the MCDM/AHP model created to help all 

types of organisations,  in this work the focus was around five different health 

organisations in the United Kingdom. 

All the five organisations wanted to put to production a Machine Learning use 

case, but before, a lot had to be done. It was first created for each one of them, an AI 

Strategy, an AI Cloud Architecture, an AI Roadmap. The MCDM model was used to 

advise the AI Solution Architect to make the best recommendation to the organisation 

and to the Architects and Data Science team. 

When designing the AI Platform and the AI Roadmap, it is important to 

consider the intention of most health organisations to enable AI innovation but 

keeping a secure environment, in the presented case the intentions and goals were 

based in an existing practice in the Health Community, the AI Platform was designed 

having in mind the  concept of a Trusted Research Environment (TRE) (UK Health 

Data Research Alliance, 2021).  

 A TRE is a Trusted Research Environment. Also known as ‘Data Safe Havens,’ TREs 

are highly secure computing environments that provide remote access to health data for 

approved researchers to use in research that can save and improve lives. (UK Health Data 

Research Alliance, 2021). 

Having this in account, the approach taken in the proposed model considers 

key elements like security and collaboration.  

In this section we present a MCDM model to guide the Organisation in the 

Artificial Intelligence Digital Transformation and Market, applied in the UK Public 

Health Provider Sector.  

The various stages of the model are explained below. 
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5.1 Decision problem definition  

 

 

To develop the MCDM model presented in section 3.7, firstly it is necessary to 

identify the goal and the basic elements that form the AHP structure.  

In the present situation, the goal is the selection of the most suitable enterprise 

DSML platform in Azure to implement in an Organisation looking to innovate using 

AI, Machine Learning and Cloud Computing.  

This selection is a decision that will mark the long-term success of the 

organisation and is therefore implicitly a very strategic decision.  

 Therefore, the different perspectives of the enterprise (both financial and non-

financial) must be considered in its design and implementation (Merigó, 2011; Merigó 

et al., 2012; Oliva et al., 2019). Balanced Scorecard (BSC) (Kaplan et al., 1992, 2001) is a 

widely used strategy performance management tool that focuses on managing the 

implementation of a strategy activity based on a cross-company perspective that 

involves the areas: finance, clients, business processes and learning and growth. In 

this case, the BSC (Kaplan et al., 1992, 2001) was adapted to reflect the health industry. 

It was proposed to look at the dimension of the customer as patient. It could also be 

considered a patient as a customer but changing from customer to patient makes more 

sense to the selected sector and gives it also a sense of respect for the human lives that 

will be impacted by this new ML Platform. Once the overall strategic framework for 

the organisation has been established, this plan must be implemented at the level of 

each area.  

For this reason, the joint use of BSC with a hierarchical decision model such as 

AHP seems appropriate. This combined use of both models can be found in the 

literature (Modak et al., 2017; Sundharam et al., 2013; Bentes et al., 2012; Leung et al., 
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2006). Similar approach is also found in the work of (Llorens et al., 2022) applied to 

the retail industry.  

 

 

5.2 Selection of experts to intervene in the process 

 

For the proposed MCDM model in this work, and the real application to the 

health sector, the set of experts in the model were most of the time the Lead Data 

Scientist, the Data Science team, the Senior Leadership team and the Executive 

Sponsor of the AI Innovation Initiative.  

The financial criteria was defined by the business leaders; the technical criteria 

and alternatives were defined by the Data Scientist leaders summarised by what  is 

seen in the Industry as a whole. The final decision was made by organisation leaders 

advised by the Data Science team.  

It is important to explain that this model and approach can be adapted to any 

Industry and organisation, also the criteria and alternatives can change to reflect the 

industry and the organisation.  

When presented with the opportunity to innovate and to define a strategic new 

data & artificial intelligence cloud architecture many organisations will struggle to 

define the data strategy and all the key components of a new data & artificial 

intelligence solution(s).  

Because of the lack of Data & AI specialised people available in the UK market 

at the moment, combined with the desire of most companies to focus on their core 

business activities, there are many ways organisations will approach this phase of 

selecting the experts. Some will outsource this decision process completely to partners, 
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others will work in partnership with vendors, management consulting and technology 

partners, and some organisations will decide to use only in-house resources.  

The aim here is not to set in stone the experts, alternatives and criteria. Each 

organisation can adapt this approach to reflect their needs. Organisation should define 

the best approach for each one reality and adapt the MCDM model  created here to 

reflect the changes. The expert selection should be based on the organisation's 

business strategy and the available resources.  

It is key to use a  group of selected experts from different parts of the business 

to define the weights and criteria important to the organisation in order to lead to the 

best solution for each individual organisation. This is a decision customised to each 

situation and there is no right or wrong, because each organisation is unique and will 

have different needs, goals, time to market, realities, different resources, different AI 

maturity stages that will lead to a customised decision based on the different weights 

for the multiple criteria utilised at the moment of the decision.  

Below are  suggested some professionals whose departments could be involved 

in this process based on the author's experience, they could be internal or external 

resources of the organisation. 

Ideas of roles to be considered for the group of experts: 

● Chief Executive Officer 

● Chief Financial Officer 

● Chief Data Officer 

● Chief Artificial Intelligence Officer / Chief AI Officer 

● Solution Architect(s) 
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● Data Scientist(s)  

● Data Engineer(s) 

● Big Data Architect(s) 

● Software Developer(s) 

● DevOps Engineer(s) 

● IT and Business Professionals 

● Consulting companies 

● Vendors 

● Partners and Contractors     
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5.3 Structuring the decision problem hierarchically  

 

 

In this section the decision problem is structured hierarchically, having the final model 

described in the Figure 11, bellow. 

 

 
 

Fig. 11. Proposed MCDM/AHP model with the goal, criteria, and alternatives numbers to 

guide the Organisation in the Artificial Intelligence Digital Transformation and Market, applied in the 

UK Public Health Provider Sector (Goal, Criteria and alternatives). 

 

Among the criteria, C, which can be evaluated within the four BSC areas, those 

that are considered to be related to the objective proposed in this contribution have 

been selected: 

As it is shown in Tables 5, 6 and 7, below, all the criteria code were listed, 

balanced scorecard grouped, shorted name and criteria details: 
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Table 5. All the criteria code and balanced scorecard group. 

 

 

 
 

Table 6. All the criteria code, balanced scorecard group, short name, and criteria description. 
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Table 7. All the criteria code and short name to be used with Fig. 11 (Proposed MCDM / AHP 

Model with the goal, criteria, and alternatives numbers). 

 

 

 

 

The alternatives as we can see in Table 8:  
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Table 8. All alternatives code and details. 

 

Each alternative represents an AI Cloud Architecture and set of Azure Services 

necessary to enable the Data Science and Machine Learning (DSML) platform. 

 

Alternative I – Legacy 

 

Most organisations are using legacy platforms as described in Figure 3 (BI 

applied to the MO based on (Stone et al., 2014), however most of the time they are not 

suitable as a DSML platform, and they are not running in the Cloud. Keeping legacy 

platforms highly increases the risk of lack of innovation and increases the time to 

market to the creation of new AI Data Products. 

 

 

 

 

Alternative II – Proposed – Crawl phase (maturity stage I) 
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Organisations looking to innovate using AI and Cloud computing can start 

their AI journey using the alternative two, as described in Figure 12, which is suitable 

for organisations in the crawl phase, where they are most of the time in the maturity 

stage 1. Starting small is very suitable for organisations in their firsts AI use cases and 

when they want to reduce the complexity of managing a more complex ML Platform. 

 

 

 
 

Fig. 12. Alternative 2 – Proposed – Crawl Phase (Maturity Stage 1) 

 

 

 

Alternative III – Proposed – Walk phase (maturity stage II) 
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The third alternative, as described in Figure 13, is suitable for organisations 

looking to innovate using AI and Cloud computing, but are already in a more mature 

stage, using Big Data Process Engine.  

 

 
 

Fig. 13. Alternative 3 – Proposed – Walk Phase (Maturity Stage 2) 

 

 

 

Alternative 4  – Proposed – Run phase (maturity stage 3) 
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The fourth alternative, as described in Figure 14, is suitable for organisations 

that are looking to innovate using AI and Cloud computing and are already in the last 

stage of their AI Journey. They are fully using all the Cloud Services related to the 

needs for ML projects.  

This alternative is the run phase; it is recommended that organisations  start 

small, and step by step they can evolve to this latest stage. 

In the organisations that took part in this work the aim is to use the alternative 

A4, however  when applying the MCDM model and the weights based on the 

requirements of the current stage, alternative 2 and 3 can sometimes be the most 

suitable. The model is adaptable and can be used to simulate future scenarios.  

 
 

Fig. 14. Alternative 4 – Proposed – Run Phase (Maturity Stage 3) 

 

5.4 Making pairwise comparisons  
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During the pairwise comparison matrices, the organisation's leaders 

incorporated their judgements by performing a pairwise comparison of these 

elements.  

In this hierarchy, each decision element in the upper level is used to compare 

the elements of an immediate inferior level, with respect to the previous. Thus, the 

alternatives are compared in relation to the sub-criteria, the sub-criteria are compared 

with respect to the criteria and the criteria are compared with respect to the goal.  

 

The pairwise comparisons: 

 

 

- Organisations Leaders. Pairwise comparison matrices are built from the 

comparison of the importance of each BSC area in this decision problem, i.e., with 

regard to objective G, based on the Saaty scale seen in Table 2. (Thomas L. Saaty, 

2008). On the criteria c (1) = {c11,…, c14}, the pairwise matrix provided is: 

 

 

 

𝑃𝑊c(1) = (

1 1.5 1.5 1.5
1 2 1.5

1 1
1

) 

 

 

- Finance. First it is evaluated the area dependent sub-criteria, i.e., c1(2) = {c 21 1,…, 

c21 3} = {Setup Cost, Maintenance Cost, Profit}: 

 



TESIS DOCTORAL – Caio Fernandes Moreno 

93 

 

𝑃𝑊𝑐1(2) = (
1 1/6 1/5

1 1.5
1

) 

 

 

 

 

Besides, the alternatives have to be evaluated for each higher-level criteria: 

 

 

 

- Maintenance: 

 

𝑃𝑊𝑐1 1(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

- Setup Cost: 

 

 

𝑃𝑊𝑐1 2(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

- Profit: 

𝑃𝑊𝑐1 3(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

 

- Patient: 

 

𝑃𝑊𝑐2(2) = (
1 2

1
) 
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- Trust & Privacy: 

 

𝑃𝑊𝑐2 1(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

- Experience: 

 

 

𝑃𝑊𝑐2 2(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

- Internal Processes: 

 

𝑃𝑊𝑐3(2) = 

(

 
 
 
 

1 2 2 2 2 2 2
1 2 2 2 2 2

1 2 2 2 2
1 2 2 2

1 2 2
1 2

1)

 
 
 
 

 

 

 

 

 

 

 

 

 

- Enterprise Platform Maturity: 
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𝑃𝑊𝑐3 1(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

- ML OPS Capabilities: 

 

 

𝑃𝑊𝑐3 2(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

- Data Supermarket: 

 

𝑃𝑊𝑐3 3(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

- XAI and RAI: 

 

𝑃𝑊𝑐3 4(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

 

 

- Seamless Integration: 
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𝑃𝑊𝑐3 5(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

- Flexible Platform: 

 

𝑃𝑊𝑐3 6(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

- Processing of Complex Data Workload: 

 

𝑃𝑊𝑐3 7(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

- Learning & Growth: 

 

𝑃𝑊𝑐4(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

 

 

- Ease of Use: 
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𝑃𝑊𝑐4 1(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

- Training: 

 

𝑃𝑊𝑐4 2(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

- Strong Community: 

 

𝑃𝑊𝑐4 3(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 

 

- Management Complexity: 

 

𝑃𝑊𝑐4 3(2) = (

1 2 2 2
1 2 2

1 2
1

) 

 

 

 

 



TESIS DOCTORAL – Caio Fernandes Moreno 

98 

 

Using R, it was made in the Yet Another Markup Language (YML) file all the 

pairwise comparisons; the YML file and the R code to run the MCDM model are 

available in the appendix section. 

 

 

 

5.5 Computing the vector weights for each matrix and 

obtaining the weights on final alternatives via various 

levels of aggregation. Ranking of alternatives. 

 

 

 

Using R, it was computed the vector weight for each matrix and obtained the 

weights on the final alternatives via various levels of aggregation. 

As  it can be seen in the ranking of alternatives, in the Figure 15 below, the 

result will change according to the strategy each organisation is looking to use. 
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Fig. 15. MCDM model weights by criteria and alternatives.  

 

Based on the preferences of each organisation and Data Science team it is 

possible to adapt the best alternative for each case.  

From the weight vectors obtained it is possible to  proceed to obtain the weights 

of final alternatives via various levels of aggregation using the hierarchy H. 

The final results of this step are shown in Figure 15 : weights of the different 

levels of the problem, ranking of the alternatives and the CR of the pairwise matrices. 

 

The alternatives:  

● Alternative I - Legacy 

● Alternative II - Proposed 1 - Crawl Phase  

● Alternative III - Proposed 2 - Walk Phase  
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● Alternative IV - Proposed 3 - Run Phase  

 

This model is highly adaptable for different AI maturity stages, some 

organisations will prefer to select the Proposed 1 - Crawl Phase, some will go directly 

to the Proposed 3 - Run Phase, it will all be based on the parameters defined by the 

experts.  

Each alternative represents an AI Cloud Architecture and set of Azure Services 

necessary to enable the Data Science and Machine Learning (DSML) platform.  

During the case study, accomplished by the author in the UK Health Sector, 

based on the MCDM model that was developed, two best alternatives were found. 

Ranked as number one alternative, with a global criterion of 39,1%, was to keep things 

the way it was, or, in this case to keep the legacy infrastructure with no changes, 

meaning no investment. This was probably the cheapest option in short term, but 

keeping things as it was would block AI innovation, patient experience would remain 

the same or potentially decrease in the long term, patient trust and privacy would 

potentially be the same or decrease in the long term as result of lack of new 

investment; but no change is an alternative easy to predict and to maintain.  

The second-best alternative, with a global criteria of 27,5%, was alternative 

number two, called proposed 1 – crawl phase architecture. This alternative, if selected 

by the organisation, would represent a meaningful change and potential for AI 

innovation. On the other hand, this alternative would increase risks, increase costs in 

the short term and long term, require people to be hired with new skills and 

investments to be made.  
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As part of the decision process, it was also evaluated the cost of the 

opportunity, the potential to increase patient experience, improve internal processes 

and reduce taxpayers costs in the long run.  

The senior leadership team (stakeholders) were clear about using cloud 

computing and Microsoft Azure, but the Data Science team was not clear between 

what was the most suitable machine learning platform to select.  

In the end, the case study organisation decided to select, with the help of the 

author, between alternatives 2, 3 and 4, because they represented a change and AI 

innovation, it was also important to avoid alternative one, since this would represent 

keeping the legacy architecture and staying in the past.  

Selecting the best alternative between 2, 3 and 4, was a decision based on the 

ranking score, the organisation AI maturity level, the desire to innovate faster and to 

build and deploy responsible AI data products with high impact to society.  

Selecting the alternative two “proposed 1 – crawl phase” demonstrated, in the 

following months of the AI project, to be the best alternative for the organisation in 

their existing AI maturity at the moment of their digital transformation and their 

business organisations strategic goals.  

As it can be seen in the Figure 12, the alternative 2, called Proposed – Crawl 

Phase (Maturity Stage 1), allowed the organisation to quickly ingest data from their 

on-premises systems in a secure way to Azure Data Lake Gen 2. With the raw data in 

the AI Data Lake, the organisation used Azure Machine Learning Services to train and 

deploy a machine learning model. 

The selected architecture also allowed the data science team together with the 

business users to evaluate the model explainability and to apply the responsible AI 

principles to make sure the machine learning models were not harming people. Using 
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the Microsoft ethics AI tools, the data science team was able to evaluate how 

responsible the ML models were and have the confidence to move to production stage 

and to scale it.  

Another important part of this architecture is the use of Azure DevOps and the 

Microsoft ML Ops Strategy, together they are key elements of an enterprise ML 

architecture.  

The case study organisation, after successfully finishing the experimentation 

phase and getting approval from the business users and fund, decided to move the 

machine learning model to production stage using Azure Machine Learning Services 

and Azure DevOps to automate the end-to-end pipeline.  

This selected alternative allowed the production team to have all the different 

versions of the machine learning models registered with Azure Machine Learning 

model management capability, using Azure DevOps, it was created pipelines to 

provision automatically the required infrastructure, train the ML model and to deploy 

the production version ML model to AKS (Azure Kubernetes Services) or test version 

to ACI (Azure Container Instance). 

For future work, as the case study organisation progresses in their AI maturity 

stage, they can reconsider the other alternatives, using the MCDM model and tool that 

was developed, they can change the weights of each one of the criteria,  make new 

pairwise comparisons, change criteria and adapt the tool to help them better evaluate 

new alternatives (even taking into account that other alternatives can represent a 

higher cost or more complex implementation).   
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6. Conclusion and future work 

 

The creation of a conceptual architecture and a MCDM model were the 

result of the achievement of the three goals that were defined in this paper. These 

goals were: 

Objective 1: To help organisations on how to build a RAI Cloud Digital 

Transformation Strategy. 

Objective 2: To propose a Cloud Conceptual Architecture capable of 

guiding organisations towards an AI Digital Transformation. The proposed 

Conceptual Cloud Architecture created by the authors is explained in the fourth 

chapter “Definition of a Conceptual Framework for Market Oriented 

Organisations Based on an Artificial Intelligence Cloud Architecture.” 

Objective 3: To propose a novel MCDM model to guide organisations 

towards AI Digital Transformation on how to simulate scenarios, based on 

organisation strategy criteria on dealing with the uncertainty of selecting the most 

suitable enterprise Data Science and Machine Learning (DSML) platform in 

Azure, to implement in an organisation looking to innovate using AI, ML and 

Cloud computing. The proposed novel MCDM model is explained in detail in the 

fifth chapter. The model was also applied to organisations in the UK Public Health 

Provider Sector. 

Another conclusion reached during the experimentation and 

implementation phase of the case study was that reducing the number of 

alternatives proved to be a successful decision.  
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During the experiment, two paths were proposed: one to stay as it is, or in 

other words, no change; and the other was to change, to do sustaining innovation 

(Christensen et al., 2013). If the stakeholders and the data science team decide to 

change and innovate, then they will have to decide among three other options, 

which in this paper are presented as grouped by AI maturity level, making the 

decision process easier and adaptable to the current stage of the organisation.  

According to Barry Schwartz in his book “The Paradox of Choice – Why 

More is Less” (Schwartz, 2004), individuals and organisations tend to have 

difficulty to choose when presented too many choices. Many choices can cause 

three things: paralysis, bad decisions, and dissatisfaction with good decisions. In 

the experiment presented in this work, the author’s expertise was used as SME 

(Subject Matter Expertise) in the topic to guide the organisation towards the most 

recommended alternatives, the MCDM tool created was also key to help the 

organisation to make the most acceptable decision.  

The healthcare industry has a huge potential to be improved with the use 

of Artificial Intelligence and the use of a Data Science and Machine Learning 

platform, according to Clayton Christensen, “he argues that the answer for more 

affordable health care will come not from an injection of more funding but, rather, from 

innovations that aim to make more and more areas of care cheaper, simpler, and more in 

the hands of patients.” (Christensen, 2007). 

The Department of Health has announced a £250 million funding boost for 

the development of Artificial Intelligence in the NHS to solve some of the biggest 

healthcare challenges. (BBC, 2019). 

Published in September 2021 by the Office for Artificial Intelligence was the 

document called “National AI Strategy”; it was presented to the UK Parliament 

that “Artificial Intelligence technologies (AI) offer the potential to transform the UK’s 
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economic landscape and improve people’s lives across the country, transforming industries 

and delivering first-class public services.” (Office for Artificial Intelligence, 2022). 

The AI era already started, it has the potential to help in many ways the 

healthcare industry, initiatives like the NHS Northumbria Open Predictor, (BBC, 

2022), where the author acted as the Lead Cloud Solution Architect and Lead Data 

Scientist, from Microsoft, together with Doctor Justin Green and the NHS 

Northumbria team (Big Data London, 2022), are just the beginning of the AI 

revolution in the healthcare industry. AI initiatives in the health sector will 

increase significantly because in the next years more will have to be done with 

less, and AI technology will play a critical role in this digital transformation. 

Because of the emergence of Big Data and AI, every organisation will have 

to invest in a new data and AI strategy, learn how to leverage existing internal 

data, buy new data from other data producers, and extend new capabilities to 

become data-driven companies (Ye et al., 2017).  

This journey is mandatory in the digital AI era. There is no way an 

organisation will survive without shifting to a data culture, the market is evolving 

rapidly, and new data products will disrupt organisations and change entire 

industries.  

In the context that there are many disoriented companies on how to adapt 

their classic conceptual architectures and take advantage of the great potential of 

this immense volume of data, this work proposes a conceptual Big Data Science 

Cloud Architecture, that aims to set the foundational building blocks for a modern 

organisation, capable to support Data and AI use cases and provide the flexibility 

necessary to add or remove capabilities according to market needs.  

Companies that adopt the proposed formal framework will bring agility 

and many possibilities to get new marketing insights and to innovate and create 
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new P/S individually adapted to the needs of each of its customers (Carrasco et 

al., 2018). 

As an additional advantage, companies that know how to make their own 

decisions based on data in the context of Big Data, can consider new lines of 

business based on the commercialization of data and knowledge. For this reason, 

it has been incorporated into the formal framework the Data Supermarket 

component dedicated to selling Data Products that are powerful weapons that will 

drive innovation and additional revenue for organisations. 

Health organisations and industries can use the proposed MCDM model to 

guide the Organisation in the Artificial Intelligence Digital Transformation and 

Market. They can change the parameters, criteria and alternatives to reflect their 

best approach and strategy. This tool can help AI leaders to simulate and select 

the best strategy for them and use this tool to create an execution plan and AI 

Roadmap. 

For future work, there is a plan to make this decision-making tool available 

as a website and open source the code, in this case leaders can apply to different 

scenarios, and consulting companies can use this tool and model to help 

organisations to implement their AI Strategy and improve their AI journey.  

It is also part of the plan to make this tool and model easier to use and more 

adaptable to more organisations.  

There is an expectation and a desire  to enlarge this research in the benefit 

of building AI Data Products and expanding the AI Data Supermarket concept.  

Another part of the plan is to  include automatic decision-making (DM) 

(Morente-Molinera., 2019), (Cabrerizo et al., 2014), (Liu et al., 2018) applied to 
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different types of organisations investing in their AI Strategy and journey using 

the formal framework proposed and MCDM model/tool.  
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Appendix II - Code 

 
 

R File: /GitHub/phd-thesis/experiment/AI_Digital_Transformation_Final/r/01-AHP.r 
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YML File: /GitHub/phd-thesis/experiment/AI_Digital_Transformation_Final/in/ahp-in-
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