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ABSTRACT 

 

The objectives of this research study are to identify data science competency 

profile, examine the most important data scientist skills, develop, and evaluate Data 

Scientist Competency Development Framework (DS-CDF) for Malaysian public 

sector Information Technology (IT) officer. Based on literature review and initial 

findings, this research study has found Malaysian public sector IT officers are lacking 

in certain amount of data scientist skills, the number of data science programs that 

have been arranged are still insufficient, and there is no comprehensive and exhaustive 

framework emphasised on data scientist skills. Therefore, there is an urgent need to 

develop the DS-CDF to encounter these problems. A two (2) round Delphi technique 

was used as a research methodology. In Delphi round 1 (one), experts examined the 

most important data scientist skills using six likert-scale and open-ended questions. 

Based on result Delphi round one (1), the proposed DS-CDF has been developed. 

Whereas in Delphi round two (2), experts have to finalise the result Delphi round one 

(1) and evaluate the proposed DS-CDF. Based on the analysis, experts literally agreed 

that forty six (46) skills are important. The top five (5) skills are Machine Learning, 

Basic Programming, Statistic, Hadoop, and Analysis. Meanwhile, Cloud Computing, 

Distributed System, Ruby, Retail, and Finance were rated as not important by the 

experts. Finally, 87.5% of experts agreed that the DS-CDF is feasible to adopt in 

Malaysia public sector. The DS-CDF may assist IT officer to identify type of data 

scientist skills to explore, can be part of a succession planning in order to prepare 

internal expertise in data science, and complement the implementation of current 

Capability Development Roadmap (CDR). Besides that, the DS-CDF also helps to 

increase the number of data scientist, reducing dependence on the external consultants, 

and reducing Government cost.  
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ABSTRAK 

 

Objektif kajian ini dilaksanakan adalah untuk mengenalpasti profil kompetensi 

sains data, menentukan kemahiran sains data yang paling penting, membangunkan, 

dan menilai Kerangka Pembangunan Kompetensi Data Sainstis (DS-CDF) bagi 

Pegawai Teknolagi Maklumat di sektor awam. Berdasarkan kajian literatur dan 

penemuan awal, kajian ini mendapati terdapat beberapa permasalahan seperti 

sebilangan besar Pegawai Teknologi Maklumat masih belum menguasai kemahiran 

sains data, program sains data yang telah diaturkan masih belum memadai, dan 

ketiadaan kerangka pembangunan kompetensi sains data yang komprehensif dan 

menyeluruh. Sehubungan dengan itu, terdapat keperluan yang mendesak untuk 

membangunkan DS-CDF bagi menangani masalah-masalah tersebut. Dua (2) 

pusingan teknik Delphi telah digunakan sebagai metodologi penyelidikan. Dalam 

pusingan pertama, pakar telah menentukan kemahiran saintis data yang paling penting 

dengan menggunakan skala enam likert dan soalan terbuka. Hasil daripada Delphi 

pusingan pertama, cadangan DS-CDF telah dibangunkan. Manakala pada pusingan 

kedua, pakar memuktamadkan keputusan di pusingan pertama dan menilai DS-CDF 

samaada ianya boleh dilaksanakan di sektor awam. Berdasarkan analisis, pakar 

bersepakat dan bersetuju bahawa empat puluh enam (46) kemahiran adalah yang 

paling penting. Lima (5) kemahiran yang teratas adalah Machine Learning, Asas 

Pengaturcaraan, Statistik, Hadoop, dan Analisa. Sementara itu, Perkomputeran Awan, 

Komputer Teragih, Ruby, Peruncitan, dan Kewangan telah dinilai sebagai tidak 

penting oleh pakar. Akhir sekali, 87.5% pakar bersetuju bahawa bahawa DS-CDF 

boleh diterimapakai dalam sektor awam. Dengan adanya DS-CDF, diharapkan dapat 

membantu pegawai IT dalam mengenalpasti jenis kemahiran yang diperlukan, menjadi 

pelan penggantian untuk menyediakan kepakaran dalaman, dan menyokong 

pelaksanaan CDR sediaada. Selain daripada itu, DS-CDF boleh membantu dalam 

meningkatkan bilangan saintis data, mengurangkan kebergantungan kepada pihak 

pembekal, dan mengurangkan kos kerajaan.  
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CHAPTER 1  

 

INTRODUCTION 

 

1.1       Overview  

The main objective of this research study is to develop a Data Scientist 

Competency Development Framework (DS-CDF) for Malaysian public sector 

Information Technology (IT) officer. This chapter gives a synopsis of the research. 

The background of the problem explains in section 1.2. The problem statement of this 

research study is portrayed in section 1.3. Section 1.4 describes the research objectives 

where section 1.5 explains about the research questions. The scope of the research 

study explains in section 1.6 followed by the discussion of the significance of the study 

which is in section 1.7. Finally, the summary of this chapter is in section 1.8. 

 

 

1.2       Background of the Problem    

In any types of organisation such as public, private, and commercial sector, 

decision making is one of the most critical managerial task (Sherratt & Delves, 2014). 

Decision making helps the organisation to utilise their resources in order to achieve 

goals and objectives, assist to tackle new problems and challenges, increase efficiency, 

facilitate innovations, the motivation for the employees, and generate more profits 

(Akrani, 2011). Nowadays, data is found everywhere. With exponential growth and 
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massive amount of data being processed and stored, most organisations have adopted 

Data-Driven Decision Making (DDD) approach (Rijmenam, 2015). According to 

Provost and Fawcett (2013), DDD is a decision making process based on the analysis 

of data rather than assumption and instinct. A finding from Massachusetts Institute of 

Technology(MIT) shows that organisations with DDD environments had 4% higher 

productivity and 6% higher profits than other organisations (Nicole Laskowski, 2011). 

In order to support DDD, data processing technology such as Big Data Analytic (BDA) 

has been used. BDA can help to predict future, gain insights, take proactive actions, 

and give way to better strategic decision-making (Jasmine Zkir, 2015). Brynjolfsson, 

Hitt, & Kim (2011) found evidence that using BDA will improve business 

performance, increase the productivity, building capability, and support organization 

current operation for short and long term growth. Furthermore, BDA has the potential 

to generate more revenue and reduce risk (Rogers, Ryer, & Eggers, 2014). 

 

In order to achieve Malaysia’s 2020 mission aspiration, the Malaysian public 

sector introduced “Digital Government” in early 2015. Howard (2014) define digital 

government as a revolution and technology that used data to optimise, transform, and 

create Government services to citizens and businesses. According to Multimedia 

Development Coorperation (MDeC) (2014), BDA is a critical sector in growing 

Malaysia’s digital economy and a key component of Information and Communication 

Technology (ICT) services in Malaysia.  

 

The Malaysian public sector led by Malaysia Administrative and Modernisation 

and Management Planning Unit (MAMPU), Prime Minister’s Department has 

developed a BDA project called “Data Raya Sektor Awam” or DRSA. The objectives 

of DRSA are to enhance service delivery to citizens and businesses, and help 

stakeholders to strategize their business functions. During the early stage of DRSA 

development, four (4) Government agencies were involved in initiating the domain 

projects. DRSA was developed using the expertise of a third party. In Malaysian public 

sector, development of the system by a third party not only for DRSA but other projects 

as well as due to lack of skill of Malaysian public sector IT officers. According to 

Deloitte (2012), the common issues and problems of hiring a third party are 

organisation information are exposed to the outsiders, not comply with the existing 
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legal and regulatory, no business continuity, and Government cost will increase.     

Besides that, another risk of IT outsourcing is IT staff will lose out in term of 

knowledge and know-how in certain areas (Abdulniser Khald Hamzah, 2013). Based 

on Malaysian Public Sector ICT Strategic Plan (2016), by 2020 Malaysian 

Government aims to strengthen the capacity of public sector IT officers in order to 

develop another twenty (20) BDA projects. Hence, Malaysian public sector needs an 

internal expertise called data scientist to develop and manage the BDA projects. 

 

A data scientist is an expert who is capable to extract meaningful value from the 

data and also manage the whole lifecycle of data (Manieri et al., 2015). Data scientists 

also help to bridge the communication gap between business and IT functions, 

proposing meaningful measures, modelling the data, visualising the output, sharing the 

technique, and automating the process (Shum et al., 2013). According to McKinsey 

(2011), in the United States of America (USA) alone, they need about 140,000 to 

190,000 data scientist by 2018. Where in Malaysia at the same time, MDeC have a set 

an ambitious target by producing 2,000 data scientists by 2020. According to Patrick 

(2015), currently in Malaysia there are only eighty (80) data scientists across the 

country and all of them come from the private sector.  

 

In order to increase the number of data scientist in Malaysian public sector, 

various programs have been arranged such as Data Science training provided by 

Ministry of Human Resources, Data Science Massive Open Online Courses (MOOC) 

by MDeC, Data Science Certification by National Institute of Public Administration 

(INTAN), and Big Data Conference. Some universities such as Universiti Teknologi 

Malaysia (UTM) and Asia Pacific University (APU) also support this initiative and 

offer undergraduate and post-graduate data science courses. However, the syllabi 

offered are not standardised.   

 

In early 2015, the Public Service Department (JPA), INTAN, and MAMPU have 

jointly launched an initiative called Capability Development Roadmap (CDR) for IT 

services as shown in figure 1.1. One of the key objectives of CDR is to improve IT 

officer service from the beginning until retirement so that their career management and 

progression is more systematic. This roadmap describes several strategies especially 

on training and competency development. However, the core strategies (T3) and the 
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strategies (T3S2) as shown in figure 1.2 only highlighted on high level components 

and do not mention the type of skills, programs, training, and certification needed 

especially in data science. 

 
 

Figure 1.1     Capability Development Roadmap (MAMPU, 2015) 

 

                 
     

Figure 1.2     CDR Core Strategies and Strategies (MAMPU, 2015)  

 

 

Therefore, there is an urgent need to develop the DS-CDF to increase the 

number of data scientist, reduce dependence on the external consultants, and reduce 

Government cost. Besides that, the DS-CDF also can be part of a succession planning 

in order to prepare internal expertise in data science and complement the 

implementation of current Capability Development Roadmap (CDR).  
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1.3       Problem Statement  

Data science is a new area that has been identified as a key component in ICT 

services in Malaysia. In this case, a new profession called data scientist expected to be 

the most essential and visible career in future years. Currently, there is only eighty (80) 

data scientists in Malaysia and none of them are from the public sector. Whereas 

MDeC has targeted to have 2,000 data scientists by 2020. Hence, Malaysian public 

sector needs to produce a data scientists so that another twenty (20) BDA project will 

be developed using internal expertise. By using internal expertise, Government costs 

can be reduced and no dependencies on the third party. Even though tools and software 

can assist during BDA project development process, skills and competency of IT 

officers are more crucial and important. In order to increase the number of data 

scientist, several programs and initiatives were carried out such as conferences, 

training, and certifications. However, the initiatives implementation are still 

insufficient. Besides that, JPA, INTAN, and MAMPU have jointly launched CDR for 

IT Services but the roadmap does not include and specific to the data scientist 

competency development. Therefore, Malaysian public sector needs a guideline on the 

direction and skills required by IT officers to become a data scientist. 
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1.4       Research Objectives  

The research objectives of this research study are:   

(i) (RO1) - To identify data scientist competency profile from global best practices 

(GBP).  

 

(ii) (RO2) - To examine the most important data scientist skills required by 

Malaysian public sector IT officers.  

 

(iii) (RO3) - To develop the DS-CDF for Malaysian public sector IT officers.  

 

(iv) (RO4) - To evaluate the DS-CDF.    

 

 

1.5       Research Questions   

   This research study is based on the following research questions: 

 

(i) (RQ1) - What are the data scientist competency profile from global best 

practices (GBP)?   

 

(ii) (RQ2) - What are the most important data scientist skills required by Malaysian 

public sector IT officers?  

 

(iii) (RQ3) - How to develop and strengthen data scientist competency among 

Malaysia public sector IT officers? 

 

(iv) (RQ4) - Is the proposed DS-CDF feasible for adoption by Malaysian public 

sector IT officers?
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1.6       Scope of Study  

              The scopes of this research study are to identify the most important data 

scientist skills required by Malaysian public sector IT officers, develop, and evaluate 

the DS-CDF. The respondents of this research study include:  

(i) Government Chief Information Officer (GCIO). 

(ii) Malaysian public sector consultants and experts.   

(iii) Malaysian public sector IT officers. 

(iv) MDeC officers. 

(v) Data scientists. 

(vi) University lecturers. 

  This research study is not limited to Malaysian public sector IT personnel only 

but also includes non-Government IT personnel to get wider and universal opinions. 

The unit analysis of this research study is individual and this research study does not 

include and involve any development of roadmap, guidelines, curriculum, and syllabus 

in data science.   

 

 

1.7       Significance of the Study  

The significance of this research study mainly on practical context. This 

research study has identified data scientist skills based on level of importance 

according to five categories: computer science, analytics, data management, decision 

management, and entrepreneurship. With DS-CDF, Malaysian public sector IT officer 

can attend any courses, certification, and training based on their organisation needs 

and priority. The DS-CDF that has been developed are dynamic and flexible where it 

across multiple fields and according to the latest market trends. In methodological 

context, this study will provide a contribution to new knowledge on how to develop 

competency framework that suites with Malaysian public sector environment and 

scenario. Other than that, two round Delphi techniques that are being extensively used 

in this study will be a very good guidance to other researchers in the future. 
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1.8       Summary  

This chapter described the overview, background of the problem, problem 

statement, research objectives, research questions, scopes, and the significance of this 

research study. Competency development in data science currently is a challenging 

task mainly due to there is unavailability of a comprehensive framework that can be 

referred to as a guideline on the skills required by the IT officers. This research study 

aims to contribute to the body of knowledge by developing the DS-CDF and explore 

the possibilities of expanding the subject in the future.   
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CHAPTER 2  

 

LITERATURE REVIEW  

 

2.1       Introduction 

In this chapter, various literatures related to data science have been reviewed. 

This chapter starts with section 2.2, the literature reviews on data science. Then 

followed by the literature review on data scientist, data science curriculum, 

competency development, framework, Malaysian public sector IT Officer, and Delphi 

technique. After reviewing of all the resources, the knowledge gap of this research 

study has been identified in section 2.9. Finally, the summary of this chapter is in 

section 2.10. The literature review framework of this research study as shown in figure 

2.1.  
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2.2       Data Science  

            Nowadays with the vast amounts of data available in the world, most of the 

companies focus on exploiting data to identify their strengths, weaknesses, and 

opportunities in business. Hence, they soon realise that new profession called data 

scientist is needed within their organisation. Provost & Fawcett (2013) found that data 

science closely related to the data mining concept. According to Larose (2014), data 

mining is the process of exploring valuable information to predict trends, patterns, and 

behaviors of the data. Most of stakeholders in organisation implementing Data - 

Driven Decision Making (DDD) which is more reliable, consistent, and precise. Figure 

2.2 shows the relationship between DDD, Data Science, and Big Data.  

 
 

Figure 2.2     Data science (Provost & Fawcett, 2013) 
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2.2.1   Definition of Data Science 

There are several definitions of data science from several authors as shown in 

the table 2.1: 

                        Table 2.1 : Data Science Definitions  

No. Authors and Year Definition 

   1. Provost & Fawcett (2013) 

 

Data science is a bundle of basic principles 

used to support and guide extraction of the 

data. 

 

2.  Dhar (2013)  Data science is the field of study that 

focuses on gathering, extraction, and churns 

the data into knowledge.  

 

3.  Shum et al. (2013) Data science is a combination of statistic, 

computer science, and information design. 

  

From the table 2.1, this study summarised that data science is combinations of 

the field of study related to extraction and transformation of data.  

 

2.2.2   Fundamental Concept of Data Science  

                  According to Provost and Fawcett (2013), the fundamental concept of data 

science was described in table 2.2 as per below: 

Table 2.2 : Fundamental concept of data science  

No. Fundamental  

1. Generate valuable and useful knowledge from raw data in order to mitigate 

business issues and problems.  

2. In term of data science result evaluation, it also considers many components 

and elements.  

3. The correlation between business and analysis can be decomposed into sub-

problems.  

4. IT tool and software assist organisation to get an insight of the data.  

6. The data maybe not standardised from the source of data.   

7. In order to make conclusion in decision making, another aspect also takes 

into consideration. Not only focus on the results.  
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2.3       The Data Scientist  

Data scientists are valuable because they are capable of discerning the option 

value of large datasets (Gehl, 2015). According to Wall Street Journal (WSJ) (2014), 

currently top companies in the world are hiring the data scientist to help them in order 

to manage and manipulate the data. Other than having the technical skill, to be 

successful in their career, data scientists should align IT with their business objectives 

(Provost & Fawcett, 2013) and good in communication skill. A data scientist basically 

has the combination of skills in analytics, statistical, modelling, and communication. 

Roles and responsibilities of a data scientist are data cleaning for predictive analysis, 

data mining for patterns and interacting with data dynamically and providing 

additional resources to acquire all necessary tools to effectively do the job. 

 

2.3.1   Definition of a Data Scientist  

  In order to understand what is a data scientist, this study purposely explores 

and discovers several definitions. According to Soumendra Mohanty (2013), a data 

scientist is the practitioners who collect raw data and use their skill, knowledge, and 

experience especially in analytics and churn it into valuable information. Whereas 

Shum et al., (2013) define data scientist is someone that has high capability in problem 

solving.  

 

 

2.3.2   Data Scientist Vs Data Analyst  

  According to Perumal (2015), data analyst focuses on how to move and 

interpret the data especially past and current data. Where data scientist focus on 

summarising data to forecast and predict pattern identified from the past and current 

data. Boulis (2014) define and differentiate between data scientist and data analyst as 

describe in table 2.3. 
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Table 2.3 : Data Scientist Vs Data Analyst 

Data Scientist Data Analyst 

 Building statistical models that make 

decisions based on data. Each decision 

can be hard. E.g. assign a score for the 

maliciousness of a page that is used by 

downward systems or humans. 

  

 Writing custom queries to answer 

complex business questions. 

 

 Conducting causality experiments that 

attempt to attribute the root cause of an 

observed phenomenon. This can be done 

by designing A/B experiments or if A/B 

experiment is not possible apply 

epidemiological approach to the 

problem.  

  

 Conceiving and implementing new 

metrics on capturing previously poorly 

understood parts of the business and 

product. 

 

 Identify new potential and opportunities 

of the data by creating new products and 

new features.  

  

 Addressing data quality issues, such as 

data gaps or biases in data acquisition. 

Working with the rest of engineering to 

instrument incremental new data 

acquisition. 

  

 

 

2.3.3   Data Scientist Skills  

In order to explore and identify the data scientist skills, this research study has 

a global reach and perspective as well includes the Malaysian public sector. Basically, 

the data scientist incorporates advanced analytical approach using sophisticated 

analytic and data visualisation software or tools in order to explore the behaviour of 

the data. The data scientist then will do data migration and integration, data cleaning, 

analysing and deliver the outcomes.  

According to Soumendra Mohanty (2013), the data scientist must be able to 

write in a various programming language such as R Programming, Pig, Clojure, Ruby, 

Java, Python, Matlab, and SQL. Other than that, the data scientist need to understand 

about Hive, Hadoop, and MapReduce. Soumenda Mohanty also suggests that the data 

scientist must be familiar with machine learning, Natural Language Processing (NLP), 

predictive modeling, conceptual modeling, statistical analysis, and testing. Even 
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though the data scientist has to learn new skills as explained above, at least they should 

have the capabilities in communication skills, querying the database, understand about 

business strategy, able to design simple prototype for top management, and have good 

understanding in system architecture.  

An educational data scientist is rarely sighted breed especially within business 

and government. In order to tackle this scenario, Malaysia need to produce more 

graduates and also equip the employees with necessary skills in data science. Shum et 

al., (2013) suggest that the data scientist should have skills in data mining, data 

modelling, data visualisation, and machine learning.  

 According to Ayankoya et al. (2014), the data scientist used predictive analysis 

method, data visualization and modelling, and machine learning technologies to 

predict what is going to happen in the future and give recommendations to enhance 

existing business process. Ayankoya et al. also defines that the data scientist is a 

combination of three (3) main fields which are computer science, statistics, and domain 

knowledge. Figure 2.3 shows the relationship and skills for each area. 

 

Figure 2.3     Data scientist skills (Ayankoya et al., 2014) 

 

 Dhar (2013) emphasizes that machine learning is the most important skill and 

necessary for all data scientists. In machine learning, the data scientist should master 

of all three (3) class of skills as illustrated in table 2.4 as per below. Other than machine 

learning, data scientist also required knowledge in data mining, a basic programming 

language like XML, mathematics, and artificial intelligence (AI).   
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Table 2.4 : Three (3) class of skill in Machine Learning 

No. Class Skills 

1. Statistic Bayesian statistic and probability. 

 

2. Computer Science  Data structure, algorithm, and distributed 

computer.  

 

3. Correlation and Causation Data modelling. 

 

 

Data scientist an expert that has ability to manipulate and extract knowledge 

and turn it into meaning value (Manieri et al., 2015). According to their study, 

currently there is no accepted and effective data science professional curriculum. 

According to Forbes (2014), indicates that the demand for data scientist over the 

supply. That is why the number of data scientist need to be increased in the market. 

Therefore, according of this study, future data scientist should be equipped with 

business, machine learning and data structures, mathematics and operations research, 

programming, and statistics.  

CrowdFlower (2015) found that the two (2) top skills companies are looking 

for in a data scientist are programming and statistical. The details of these two (2) skills 

illustrate in figure 2.4.  

 

  
 Figure 2.4     Programming and Statistics 

 

According to Viaene (2013), data science is a new field that required a lot of 

professional and highly skill employee. Data Scientist uses scientific methods to 

discover knowledge and patterns of the data.  
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Figure 2.5     The data science benefits-realization process (Viaene, 2013) 

 

 Figure 2.5 illustrates the relationship between model domain and business 

domain. This process involves modelling, discovering, operationalizing, and 

cultivating the knowledge. The data scientist must have a pretty good skill in business 

domain, analysis, and communication.   

According to Patil (2012), a data scientist is the sexist job in this new era. Sexy 

the sense of having a rare quality in high demand. Data scientist is urgently needed by 

organisations because they have capabilities to mind the data and provides good data 

visualisation. According to Mckinsey (2011), USA could face a shortage of 140,000 to 

190,000 data scientists in 2008. To mitigate this risk, the employees should consider to 

challenge themselves to venture into the knowledge of data science. Among the skill that 

they should consider are programming language, computer science, mathematics, 

economics, probability, and business.  

In the O’Reilly book, Analysing the Analysers by Harlan D. Harris and Sean 

Patrick Murphy (2013), they have made a survey over more than 200 data scientists to 

discover and analyse what data skills needed by the data scientist. They found twenty 

two (22) generic skills shown in figure 2.6. 
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Figure 2.6     Data Scientist generic skills (Harlan D. Harris, Sean Patrick Murphy,                  

2013) 

 

Malaysia Public Sector has started their BDA project since 2014 led by 

MAMPU. Since data science is still new in Malaysia, they do not have internal 

expertise in this area. Therefore, they have hired a third party to develop the project. 

Even though they use external parties; knowledge transfer, training, and technology 

updates are given to Malaysian public sector IT officers. Soon, Malaysian Government 

does realise that the importance of having internal expertise in this field. Hence, skills 

of a data scientist are identified to enhance Malaysian public sector IT officer 

competency and knowledge. According to Suhailis (2016), the skills that are required 

for data scientist consist of model and analysis, data processing, statistic, business 

domain, soft skill, and technical skill as illustrated in figure 2.7. 
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Figure 2.7     Data scientist skill (Suhailis, 2016) 

In 2013, MDeC has announced the Digital Malaysia Roadmap, which 

encompasses a plan that addresses three (3) ICT areas which are to access, adoption, 

and usage ICT services. One of the goals in the roadmap is to improve Big Data 

literacies in Malaysia. Therefore, in October 2013, MDeC have conducted a survey to 

seventeen (17) experts in Big Data. The participants come from a different 

backgrounds such as telecommunication company, universities, marketing agency, 

software development company, and others. Based on their survey, the top five skills 

needed are:  

(i) Big and Distributed Data (eg: Hadoop and MapReduce)  

(ii) Algorithms (eg: Computational complexity and CS theory) 

(iii) Machine Learning (eg: Decision trees, Neural nets, SVM, and clustering) 

(iv) Back-End Programming (eg: JAVA, Rails, and Objective C)  

(v) Visualisation (eg: Statistical graphics, Mapping and web-based dataviz) 

 

    In the last few years, the interest in data science field has soared. Most of the 

companies in USA are seeking and recruiting employees who have skills related to 

Data Scientist 
Skills

Model and 
Analysis

Data 
processing 

Statistic 

Business 
Domain

Soft Skills               
eg: 

Communication

Technical
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data science. From the perspective of Burtch (2014), she emphasizes that the data 

scientist must has both technical and non-technical skills as listed in the table below: 

Table 2.5 : List of skill needed to recruit employee in data science 

No. Type of skill Skill 

1. Technical Skills Analytics, SAS, R, Python, Coding, Hadoop, 

SQL, and Basic Database. 

 

2. Non-Technical Skills  Intellectual curiosity, business acumen, and 

communication skills. 

 

  

In the United Kingdom, data science is among the most rapidly emerging field 

based on trend in ICT market. The key to success in business nowadays is to 

understand customer’s preferences, needs, and behavior. Thus, data scientist plays an 

important role to do a prediction and make a decision in this particular area. 

Stadelmann et al., (2013) concludes that data scientist need multi-faceted skills as 

shown in figure 2.8. 

 

Figure 2.8     Data Scientist Skills (Stadelmann et al., 2013) 
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 In Japan, the Ministry of Education, Culture, Sports, Science, and Technology 

(MEXT) has initiated a three-year project namely “Data Science Training Network” 

to develop the data scientists. This project involves various stakeholders such as from 

the universities, the industries, and the Government. The Government of Japan realise 

that data science is an important area in order to increase their efficiency, generate 

more income, make a prediction, and assist in decision making. Based on finding by 

Maruyama (2013), the constraint of the employer is to find talented and highly skilled 

in data science. The result obtained from the first 12 months of the project revealed 

that to become a successful data scientist, the mandatory skills are: 

(i)   Deep analytics skills: Machine learning, database, and programming.  

(ii)   Service providing skills: Communication skills and business. 

(iii)   Service receiving skills: Decision making. 

 

 In India, a professional data scientist is well equipped with software and tools 

to assist and accomplish their tasks in the office such Business Intelligence (BI) and 

expert system (A.Gohel, 2015). This software is widely used to help the management 

to strategize their business vision and mission, learn from previous trend and pattern 

of data, and also prevent damage and error. A. Gohel lists some of the skills required 

once the employee enters data science area. The skills are R programming, Python, 

Java, Ruby, Hadoop, Analysis, Data Mining, Machine Learning, and Statistic.  

Gartner, Inc. is an American research and advisory firm that provides ICT 

updates and best practices. Basically, the best practice is defined and provided 

by Gartner for the purpose of benefitting in terms of efficiency optimization, reduce 

costs and risks, and enhance the effectiveness of the organisation. Gartner has released 

an article that explains the relationship between IT skill, domain understanding, and 

data science shown in figure 2.9. According to Sicular (2015), to avoid failure in Big 

Data project,  team members must possess different skills through some programs like 

training and hands-on that can extend their current experience. 
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                                      Figure 2.9     Big Data Analytics Skill Model (Sicular, 2015) 

      

In figure 2.9, we can see clearly data scientist needs skill in coding and 

analytics. However, soft skill like creativity, leadership, common sense, passion, and 

curiosity equally important with the technical skills and basically complimenting each 

other.  

 Rao (2014) emphasised in order to become a good data scientist, IT personnel 

required various skills. The most and top skill is knowing business strategy and 

function of the organisation. Usually, IT personnel can easily adapt and learn new 

skills but lacking in term of aligning business with IT.  Secondly they should know 

about the statistic. With some statistical technique, the problem will be classified, 

translated thus providing with the recommendations. Some of the tools for statistic are 

R programming and SAS. Besides that, a data scientist should have the capability to 

write in different programming languages like Java, Python, C++, and C#. Other than 

having programming skills, mastery in database also important. In database, they must 

know how to integrate, migrate, and load the data. Some of emerging tools in database 

are Hadoop, Hive, and Mahoot. Last but not least, visualisation and communication 

skills are important because it can assist in term of interpretation and presentation of 

the data.  
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From the literature review, this research study found that there are quite a 

number of researches have been done a study on data science. But this study purposely 

targeting on and only obtains the most recent study based on their relevance to the 

topic which is from the year 2011 to 2016. Seventeen (17) papers from GBP including 

Malaysian public sector are selected. List of data scientist skill from papers shown in 

table 2.6 according to five (5) category adapted from Stadelmann et al., (2013). The 

categories are computer science, analytics, data management, decision management, 

and entrepreneurship.  
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Table 2.6 : List of data scientist skills based on literature review 

Category/skills Frequency 

Skills Appear 

in the papers 

 

% [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] 

 

Computer Science  

Basic Programming  8 47.05     / / /  /   / / /  /  

Hadoop 6 35.29 /         / / /   /  / 

Python 4 23.52 /           /   /  / 

R Programming 4 23.52 /           /   /  / 

Java  4 23.52 /          /    /  / 

Ruby 2 11.76 /              /   

MapReduce  2 11.76 /          /       

C/C++/C# 1 5.88                 / 

Clojure  1 5.88 /                 

Cloud computing  1 5.88             /     

Distributed System  1 5.88             /     

Mahoot  1 5.88                 / 

Pig 1 5.88 /                 

Privacy and Security  1 5.88             /     

System architecture  1 5.88 /                 

Analytics 

Machine Learning  9 52.94 / / / / /    /  /  / /    

Statistic 8 47.05 /  /  / /   / /   /    / 

Analysis  6 35.29   /    /   /  /   / /  

Mathematic  4 23.52    / /   / /         

NLP 2 11.76 /            /     

Algorithm  2 11.76         /  /       

SAS 2 11.76            /     / 

Simulation  2 11.76         /    /     

Artificial Intelligence   2 11.76    /         /     

Probability  1 5.88        /          

Matlab 1 5.88 /                 
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Data Management 

Basic Database  5 29.41 /           / / /   / 

Data Visualisation  5 29.41  / /     /   /      / 

 Data Modelling  3 17.64 / / /               

Data Mining  3 17.64  /  /         /     

SQL  2 11.76 /           /      

Hive  2 11.76 /                / 

BI  1 5.88             /     

Data Manipulation  1 5.88        /          

Data Processing  1 5.88         /         

Data warehousing  1 5.88             /     

Decision Management 

Communication 6 35.29 /     /    /   / /   / 

Decision making  1 5.88              /    

Ethics  1 5.88             /     

Entrepreneurship 

Business   6 35.29     / / / /  /    /    

Economic  1 5.88       /           

 

[1] Soumendra Mohanty (2013) [10] Suhailis (2016)  

[2] Shum et al., (2013) [11] MDeC (2013)  

[3] Ayankoya et al., (2014) [12] Burtch (2014)  

[4] Dhar (2013) [13] Stadelmann et al., (2013) 

[5] Manieri et al., (2015) [14] Maruyama (2013)  

[6] CrowdFlower (2015)  [15] A. Gohel (2015)  

[7] Viaene (2013)  [16] Sicular (2015) 

[8] Patil (2012)  [17] Rao (2014)  

[9] Harlan D. Harris and Sean Patrick Murphy (2013)   
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              Figure 2.10     Data scientist skill based on category  

Based on figure 2.10, 36.58% of the skills are under computer science. 

Whereas, 26.82% of the skills fall under analytics. For data management category, the 

percentage are 24.39% where decision management is 7.31%. Finally, only 4.87% 

under entrepreneurship category.  

 

Figure 2.11     The top three (3) data scientist skills 
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Based on figure 2.11, Machine Learning has the highest percentage (52.94%) 

appeared among the papers. Machine Learning is one of method to analyse and build 

the analytical model for the data. The second highest is basic programming language 

and statistic (47.05%). A basic programming is important because it is the fundamental 

of other programming languages. Whereas statistic basically used to design and 

interpret experiments, build models, and make a prediction. Finally in third place are 

Hadoop, Analysis, Communication, and Business (35.29%).  

Besides that this research study also discovered that different country has 

differently emphasising on the skills required in order to become data scientists as 

shown in table 2.7. Based on the table, under computer science category, four (4) 

countries consider basic programming is the most important skills. Where in category 

analytics, analysis, and machine learning is the most data scientist skills emphasised 

by the countries followed by basic database and SQL under data management 

category. For decision management, four (4) countries agreed that communication is 

the key skill to become a data scientist. Finally, knowledge in business also important 

where the data scientist need to know their business mission and vision, opportunities, 

and strategies. 

 

                 Table 2.7 : Data scientist skills based on countries 

Category/Skills USA UK  India Japan Malaysia  

Computer Science 

C/C++/C#      

Cloud computing       

Distributed System       

Java      

Basic Programming           

MapReduce      

Privacy and Security       

R Programming       

System architecture      

Clojure      

Hadoop        

Mahout      

 Pig       

Python        

Ruby       

Analytics 

Algorithm      

Artificial Intelligence      
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Analysis         

Machine Learning         

Mathematic       

Matlab      

NLP       

Probability      

SAS       

Statistic        

            Simulation        

Data Management 

Business Intelligence       

Basic Database        

Data Mining        

Data Manipulation       

Data Modelling        

Data Visualisation       

Data Processing        

Data Warehousing       

SQL        

Hive       

Decision Management  

Communication          

Decision making       

Ethics        

Entrepreneurship 

Business          

Economic       

 

2.4       Data Science Curriculum 

According to Bullock (1988), a curriculum is a syllabus for the specific area of 

study. Basically, curriculum develops by a committee or an organisation.  In the 

context of data science, curriculum refers to learning experience by venturing and 

exploring on certain skills related to data. To gain insight about data scientist 

curriculum, this research study was explored universities, MDeC, and INTAN 

Curriculum.   
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2.4.1    Universities  

In providing highly skilled workers in science data, most of the universities in 

the world today have offered programs related to this field. According to the latest 

trend, the universities offers an online program to working professionals where the 

programs are more flexible, 24 x 7, can access everywhere, and across multidiscipline. 

Some of the programs have specialisation such as statistic, big data, and analytics. 

Table 2.8 listed some university that offered the program in data science. 

 

Table 2.8 : List of University 

No. Country University Programme 

1. 

 

United States of 

America (USA) 

Johns Hopkins University Data Science MOOC 

Harvard University  Data Science Certificate 

Stanford University Master in Statistics: Data 

Science 

2. United Kingdom University of Cambridge Master in Machine Learning, 

Speech and Language 

Technology 

Oxford University   Introduction to Data 

Science 

 Data Science Processes: An 

exploration in data mining 

Imperial College London  Master in Statistics 

 Master in Computing 

(Machine Learning) 

 Master in Business 

Analytics 

 Master in Biomedical 

Research (Data Science) 

3. Asia  

 

National University of 

Singapore (NUS) 

Degree and Master in 

Business Analytic 

University of Hong Kong Master in Data Science and 

Business Statistics 

Seoul National 

University 

Master in Data Science 

Asia Pacific University 

(APU) 

Master in Data Science and 

Business Analytics 

University Teknologi 

Malaysia (UTM) 

Data Science Certification 
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2.4.2    MDeC 

Other than university, MDeC as ICT leader in Malaysia also promotes some of 

the data science courses to post graduate, especially for Master and Ph.D. candidate. 

This program is a collaboration effort with Institutions of Higher Learning (IHLs) in 

Malaysia. Other than that, MDeC also offered some of the rainings as per below: 

(i) Analytic Techniques for Business. 

(ii) Business Analytics. 

(iii) Executive Data Science. 

(iv) Data Science and Big Data Analytics. 

(v) SAS Certified Statistical Business Analyst. 

 

 

2.4.3    INTAN  

To ensure Malaysian public sector IT officer exposed with data science, 

INTAN has organised several courses in data science like Data Science Fundamental 

and Data Science for BDA. Other than that, Malaysian public sector IT officers have 

been given the opportunity to take Data Science Massive Open Online Courses 

(MOOC) by John Hopkins University. Modules consist in this online course are: 

(i) The Data Scientist’s Toolbox. 

(ii) R Programming. 

(iii) Getting and Cleaning Data. 

(iv) Exploratory Data Analysis. 

(v) Reproducible Research. 

(vi) Statistical Inference. 

(vii) Regression Models. 

(viii) Practical Machine Learning. 

(ix) Developing Data Products. 
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At the end of this course, Malaysian public sector IT officer will get clear 

understanding of data science and prepare them to become a data scientist. 

Certification from John Hopkins University are shown in figure 2.12. 

 

Figure 2.12     Data Science Certificate from Johns Hopkins University 

 

 

2.5       Competency Development  

In an organization, profitability, efficiency, and activeness are three (3) main 

points that have been emphasized. Therefore, organisations need employees who are 

dedicated and highly skilled in achieving the goals of the organization. The human 

resources department in any organisation, the manager will plan programs such as 

training to improve skills and competencies of their employees where they are 

allocated to and put some budget and resources on that.  
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2.5.1    Definition of Competency Development  

In order to understand what is competency development several definition have 

been explored as shown table 2.9. 

                Table 2.9 : Definition of Competency Development 

No Author and Year Definitions 

1.  (Vos et al., 2011) Competency development is a series of 

activities organise by the company to their 

employee to improve their competency.  

 

2. (Kersiene & 

Savaneviciene, 2009) 

The Complex ability for self-organization, 

which makes it possible to respond to 

constantly changing complex environments 

with new behavioral strategies.  

 

3. Spencer & Spencer              

(1993)  

An underlying characteristic of an individual 

that is causally related to criterion-referenced 

effective and/or superior performance in a 

job or a situation.  

 

 

 

2.5.2    Competency Vs Capability  

In order to understand the comparison between competency and capability, this 

study referred from Australian OHS Accreditation Board (2014) as shown in table 

2.10. 

                                  Table 2.10 : Competency Vs Capability 

Competency Capability 

Knowledge and skill relevant to the 

workplace 

Theoretical knowledge and skills 

Limited to personnel   Within organisation or team 

Evaluation based on individual 

performance   

Overall performance of organisation or 

team 

Standard set by organisation   Standard set by profession or external 

body  
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Competency development of individual can be seen through five (5) phases as 

introduced by Dreyfus (2011). The five stages are novice, advance beginner, 

competent, proficient, and expert.  

2.5.3    Malaysian Public Sector Competency Development  

In 2015, the CDR for IT officers has been launched by MAMPU and JPA. CDR 

describes in details about strategies and action plans to be carried out by several 

government agencies in order to develop competency of Malaysian public sector IT 

officer. The objectives of CDR is to improve IT officer services from the beginning 

until retirement so that their career management and progression are more systematic. 

CDR framework illustrated as in the figure 2.13, whereas the strategies and action 

plans inside CDR illustrated in figure 2.14. 

                             
 

  Figure 2.13   Framework of CDR (MAMPU and JPA, 2015)  
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  Figure 2.14    CDR Strategies and Action Plans (MAMPU and JPA, 2015)                 

 

According statistic reveals by JPA, a number of expertise based on eight (8) 

ICT specialisation are still low. In 2009, Malaysian public sector has set an initial 

target to have 829 IT experts by 2015. However, in 2013 JPA and MAMPU realise 

that this target is too high and difficult to achieve. Then the target was reduced to 345 

IT officers. Based on Public Sector ICT Strategic Plan 2016-2020, reported only 

twenty two (22) IT officers have been recognised as an expert. Table 2.11 shows the 

current statistic of IT experts in Malaysian public sector. 

                          Table 2.11 : Statistic of experts in Malaysian public sector 

No. Track Specialisation No. of Expert 

1. Strategies  ICT Strategic Plan  4 

Project Management  4 

Information Management  2 

2. System Development  System Development             3 

Database Management  2 

3. Technical  Information Security Management             4 

Data Centre Management  1 

Network Management  2 
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2.5.4    National Occupational Skills Standard (NOSS)   

In Malaysia, National Occupational Skills Standard (NOSS) was used as 

guidelines on direction, pathway, and career planning to increase the competency of 

the employee. The standard has been set to develop and generate high performance, 

motivated, and skilled worker. One of the outcomes is to increase professionalism and 

helps the organisation in terms of productivity and efficiency. NOSS benefits to three 

(3) target group which is the employers, workers, and instructors. The benefits as 

shown in Table 2.12. 

 

                             Table 2.12: Benefits of NOSS  

Target Group Benefits 

Employers  As a guideline to prepare a scope of work. 

 Increase productivity, efficiency, and quality. 

 Reduce cost to provide training. 

 Provide better understanding about their worker’s 

career path. 

 Assist in performance appraisal development.  

 

Workers   As guidelines for their career enhancement.  

 Help in decision making especially on training suite for 

them.  

 To achieve good performance. 

  

Instructors   Know what type of training or skill for their trainee. 

 Provide useful advice and suggestion on training based 

on market and trend. 

 Assist in syllabus development.  
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2.6       Framework 

A competency framework is a layered or structure to indicate knowledge, 

skills, and components should have in competency development. Basically, the 

framework will consist a number of skills as guidelines to the specific target group in 

order to increase their competencies. In Malaysian public sector, New South Wales 

(NSW) Public Sector Capability Framework and the Skills Framework for the 

Information Age (SFIA) have always been a reference point in the development of 

competence. These two (2) framework has its own strength in terms of giving the 

outlines in components that should have in the framework, required skills, and also 

tools and mechanisms in competency development. The details explanations about 

these 2 (two) framework as shown in Table 2.13.  

 

  Table 2.13 : ICT Competency Framework from Global Best Practices 

Framework Descriptions 

New South Wales 

(NSW) Public 

Sector Capability 

Framework  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In New South Wales (NSW), the framework has been used to 

set what type capabilities and behavior needed by all NSW 

public sector employee. This framework covered all position, 

designation, and level of the employee across the agencies. The 

framework provides a dynamic and systematic methodology to 

perform and deliver any task in different cluster and domain 

(Public Service Commission, 2013). 

 

 

  Figure 2.15     NSW Public Sector Capability Framework 
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Skills Framework 

for the 

Information Age 

(SFIA) 

SFIA was established in 2000 where the main purpose is to 

provide guidelines on the skill required by IT professional. 

SFIA has been adopted by 200 countries across the world. The 

development of updated framework version has been involved 

many parties such as IT experts, IT consultant, and practitioner 

from public, private, industries and universities (McLaren, 

2011).  

 

 Figure 2.16     SFIA 

 

In order to develop DS-CDF, this research study also explores data scientist 

framework from EDISON (2016). Figure 2.17 shows EDISON Data Science 

Framework (EDSF).  

 

Figure 2.17     EDISON Data Science Framework 
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2.7       Malaysian Public Sector IT Officer 

Malaysian public sector IT officer is a person that responsible for reviewing 

and analysing the possible suitability of existing computer systems and so on design, 

develop, implement, maintain, and review of the data processing system and 

information appropriate to use the Government. In term of competency development, 

Malaysian public sector IT officer will go through the route as described below:  

 

(i) In grade F41 / F44, IT officer should be given training and courses related to 

the skill set of tracks systems and technical development. IT officer encouraged 

to continuing education up to PhD level and related professional certification 

to track their expertise. 

 

(ii) In grade F48, IT officer has a choice whether to remain in track System 

Development / Technical or switching to a track strategy. At this grade, IT 

officer encouraged to engage in collaborative program or give advice to other 

agencies, especially the related to track their expertise. 

 

(iii) In grade F52, IT officer must continuously enhance knowledge and experience 

in track their expertise based on skill sets which has been set. IT officer 

encouraged to carry out research and wrote several articles the results of the 

study and presented the results at a conference or seminar at the national or 

internationally. In addition, IT officer needs to improve knowledge and 

experience in specialty tracks each based on a set of skills that have been 

identified through advanced professional certification. 

 

(iv) In grade F54, IT officer should have had knowledge and high experience in 

track their expertise based on skill sets which has been set. IT officer should 

always engage with collaboration programs, advisory services, conduct 

research, write articles and presented the results at conferences national or 

international. 

 



39 

 

2.8       Delphi Technique  

According to Sutherland et al., (2015), Delphi technique is a structured and 

iterative survey of a panel of experts. Fefer, Stone, Daigle, & Silka (2016) emphasised 

that the Delphi technique has been used in many research studies to generate more 

ideas and reach consensus within the expert. The Delphi technique was introduced in 

the late 1950s for a military defense project. The Delphi process favors the ‘level 

playing field’ concept and encourages honest opinions and avoids the potential conflict 

inherent in face-to-face meetings, thereby improving the validity of the study results 

(Tonni & Oliver, 2013).  

According to Bourgeois, Pugmire, Stevenson, Swanson, & Swanson (2011), 

usually in the first round, the expert will response the questionnaire and used the 

information to develop more specific questions to be used in the second questionnaire. 

Day & Bobeva (2005) state that Delphi technique comprising three stages. The stages 

are exploration, distillation, and utilisation.  Even thought Delphi technique gives 

many advantages, Delphi Technique has some limitations and weaknesses such as lack 

of a theoretical framework and there is no scientific method for determining the level 

of consensus (Habibi et al., 2014). 

In order to understand how the Delphi technique can be used as a research 

methodology in developing a competency framework, this research study was 

explored some previous studies as shown in Table 2.14. 

Table 2.14 : Previous studies using Delphi Technique 

No. Authors Descriptions 

1. (Katarzyna 

Czabanowska, 

2012) 

(i) Objective of study: To develop a comprehensive 

framework of quality improvement competencies 

for use in continuing professional development 

(CPD) and continuing medical education (CME) 

for European general practice/family medicine 

physicians (GPs/FDs). 

 

(ii) Method: Two (2) rounds of Delphi Technique 

(Online surveys). 

 

(iii) Purpose Delphi round 1: Expert mark each 

competency according to its relevance for 
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inclusion in the model (Used “Yes/No/With 

Changes” likert-scale). 

 

(iv) Purpose Delphi round 2: To get agreement from 

expert result Delphi round 1 and approve the 

framework (Used “Yes/No” likert-scale). 

 

(v) No. of experts: Thirteen (13) experts.  

 

(vi) Result: Achieved 92% agreement from the 

experts. 

 

(vii) Suggestion: Ten (10) to fifteen (15) Delphi 

participants are sufficient if the expert’s 

background is homogeneous. 

 

2. (Wijnen-Meijer, 

Schaaf, 

Nillesen, 

Harendza, & 

Cate, 2013) 

(i) Objective of study: To discover essential facets of 

competence (FOCs), based on the opinion of 

experienced physician educators. 

 

(ii) Method: Two (2) rounds of Delphi Technique.  

 

 

(iii) Purpose Delphi round 1: The rate level of 

agreement on FOCs. 

 

(iv) Purpose Delphi round 2: The finalised result 

Delphi round 1. 

 

(v) No. of experts: Eighteen (18) experienced 

physician educators. 

 

(vi) Result: The level of agreement was high for 92% 

of the FOCs in the first round and 100% of the 

FOCs in the second round. 

3. (Gordon, Baker, 

Catchpole, 

Darbyshire,                       

& Schocken, 

2014) 

(i) Objective of study: To develop framework for 

non-technical skills in healthcare to support 

educational design 

 

(ii) Method: Two (2) rounds of Delphi Technique  

 

(iii) Purpose Delphi round 1: Presented to the expert 

panel for ranking and to propose a definition. 

 

(iv) Purpose Delphi round 2: The finalised 

framework was sent to the panel for review. 

 

(v) No. of experts: Sixteen (16) experts. 

 

(vi) Result: Produced a competency framework. 
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2.9       Knowledge Gaps  

            Based on the literature that has been made, the knowledge gaps of this research 

study are identified. The gaps are: 

(i) Various definition of data science and data scientist due to different 

researcher’s background and area. 

(ii) There is no comprehensive programmed and exhaustive framework in 

data scientist competency development.  

(iii) There are many terminologies in data scientist skill. Overlap or 

duplication may occur.  

(iv) Some of the skills are too general such as programming and business. 

(v) The categorisation of skills is not consistent and different. 

(vi) Malaysian public sector hired the external consultant to develop their 

BDA project.  

(vii) A number of expert in Malaysian Public Sector are low.  

 

To confirm, verify, and support the knowledge gaps and problems, a 

preliminary interview was conducted. Since the problem has occurred and focuses on 

Malaysian public sector, three (3) Government IT officers have been selected as 

participants. The preliminary interview question listed in Appendix A. Based on the 

preliminary interview, they have literally confirmed that: 

i) Current BDA project is developed by the third party due to lack of 

internal expertise in BDA and data science. 

ii) None of Government IT officer has been appointed nor recognized as 

a data scientist. 

iii) A number of programs such as training, conference, and other programs 

still insufficient to improve their competency in BDA and data science. 

iv) There is no specific framework on data scientist in Malaysian public 

sector. 

v) Current data science curriculum are not standardised.  
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2.10     Summary  

As a summary, in developing DS-CDF a few things should take into 

consideration such as latest skills used globally in the market, the level of importance 

and urgency, and the best method to explore the data scientist skills.  
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CHAPTER 3  

 

RESEARCH METHODOLOGY 

 

3.1      Introduction   

This chapter comprises of five (5) sections. This section explained on how this 

research study was conducted. The research design of this study is described in section 

3.2. Whereas section 3.3 explain about the operational framework. Section 3.4 portrays 

about the research schedule and finally, the summary of this chapter is in section 3.5.  

 

3.2      Research Design  

           The research design described the structured procedural plan and strategy to 

obtain valid and accurate answers for this research study objectives or questions. The 

research design guides the researcher in determining the population, data collection 

and analysis procedure, and findings. The research design of this research study is 

summarised in figure 3.1.
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   Figure 3.1     The research design 
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This research study was divided into 5 (five) main phases, namely preliminary 

study, design, data collection and analysis, developing, and finalising. This research 

study used Delphi technique as a research methodology. The Delphi technique used in 

this research study was to obtain a consensus of expert opinions via a series of intensive 

questionnaires. This technique facilitates dialogue and interactions among the experts 

who cannot interact face-to-face. By using Delphi technique, this research study has 

gained some advantages as shown in figure 3.2. 

 

 
                      

 

Figure 3.2     Advantages of Delphi technique  

 

This technique is widely, globally used, and the most accepted approach for 

collecting, gathering, and analysing data from experts. This research study conducted 

two (2) round Delphi technique. In round one, data were generated and analysed, 

followed by the development of round two questionnaires. The result of Delphi round 

one was also shared with the experts as a guideline to answer Delphi round two.  

 

Advantages 
of Delphi 
technique

Helps 
generate 

consensus 
within the 

experts

Explore 
assumptions

Expose 
information 
leading to 
divergent 
judgment

Efficient

Encourage 
decision-
making

Cost-
effective
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3.3      Operational Framework  

  The operational framework in this section summarised list of phases, 

objectives, instruments, and deliverables of the research study. The operational 

framework of this research study portrays in table 3.1 as per below.  

                           Table 3.1 : The operational framework  

Phase  Purpose/ 

Objectives 

Instrument/       

Method 

Deliverables 

Preliminary Study 

Literature review  To identify data 

scientist 

competency 

profile especially 

on data scientist 

skills from GBP 

including in 

Malaysian public 

sector 

 

 Academic search 

engine 

 Journals  

 Articles  

 Books 

 Conference 

Papers 

 White Papers 

 

 Data scientist 

competency 

profile especially 

on the data 

scientist skills 

(RO1) 

 Knowledge gaps 

 

 

Preliminary 

Interview  

To confirm, 

verify, and 

support the 

knowledge gaps 

and problem 

statement  

 

 Open-ended 

interview script  

 Initial finding  

 

Design  

Design Delphi 

round 1 

questionnaire  

 

To develop 

instrument for 

Delphi round 1 

 Google form  Delphi round 1 

questionnaire  

 

Design Delphi 

round 2 

questionnaire  

 

 

To develop 

instrument for 

Delphi round 2 

 Google form  Delphi round 2 

questionnaire  

 

Data Collection and Analysis  

Delphi round 1 

data collection 

and analysis 

 To examine 

the most 

important data 

scientist skills 

 Email for 

invitation 

 Google form 

 Initial list of the 

most important 

data scientist 

skills 

 Proposed                   

DS-CDF (RO3) 
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Delphi round 2 

data collection 

and analysis 

 To finalised 

result Delphi 

round 1 and 

evaluate the 

proposed          

DS-CDF 

 Email for 

invitation 

 Google form 

 Final list of the 

most important 

data scientist 

skills (RO2) 

 List of tools and 

mechanism to 

explore the data 

scientist skills 

 Evaluated             

DS-CDF 

 

Developing  

Develop proposed 

DS-CDF 

To develop                 

DS-CDF 

 Microsoft 

PowerPoint  

 Adobe 

Photoshop  

 

Proposed                             

DS-CDF 

Enhance 

proposed                   

DS-CDF 

To finalised DS-

CDF based on 

expert review 

 Microsoft 

PowerPoint 

 Adobe 

Photoshop 

 

DS-CDF 

Finalising  

Write final 

documentation  

To document the 

contributions of 

the research study 

  

Microsoft word Project 

documentation 
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3.3.1    Preliminary Study  

            Preliminary study phase in this research study consists six (6) activities. The 

activities are choosing the topic, formulate problems statement, construct research 

objectives and questions, conduct the literature review, identify knowledge gaps, and 

preliminary interview. But the main activities are the literature review and preliminary 

interview. In order to conduct the literature review, this research study adopted from 

Creswell (2014). The steps are explained in figure 3.3.  

 

Figure 3.3     Steps in conducting a literature review (Creswell, 2014) 

 

          To begin the literature review process, keywords for this research study has 

been identified. The keywords are important in determining the material to be searched 

in the digital library. The keywords for this research study are data science, data 

scientist, data science curriculum, competency development, framework, and 

Malaysian public sector IT officer.   

         After the process of identifying the key words is done, the search process is 

started by focusing on journals and books related to the topics. List of computerized 

databases used in this study are Association for Computing Machinery (ACM) Digital 

Library, IEEE, Science Direct, Springer Link, Wiley Online Library, ERIC, Gartner, 

http://ieeexplore.ieee.org.ezproxy.psz.utm.my/
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and Google Scholar. The journals and books published that are reviewed are within 

the period of 2011 to 2016.             

         This research study manage to located and identified about 50 different reports 

of research in the article, journals, and books that are related with the topics to be 

discussed. After that, all resources has been skimmed. In order to skim the resources, 

there are seven (7) steps involved as shown in the figure 3.4.  

 

Figure 3.4     Skimming process 

 

After that, the literature review framework of this research study has been 

developed to visualised and illustrated topics within this study. The literature review 

framework of this study shown in figure 2.1 in Chapter 2. The summaries of the 

relevant topics are contained in Chapter 2, section 2.2 to 2.8. After completing the 

process of assembling and organizing the articles, knowledge gaps were identified. 

Knowledge gaps of this study are shown in Section 2.9.  
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3.3.2    Design  

            In this phase, a Delphi round one and two questionnaires were developed using 

google forms. Google form is one of the best tools to develop online survey because 

it’s free, easy to use and handle, mobile friendly, provide real-time analysis, and 

notifications function. There are many advantages using online questionnaire compare 

manual method as shown in table 3.2.  

      Table 3.2: Comparison between manual and online questionnaire 

No. Element Manual Questionnaire Online Questionnaire  

1. Data collection 

process  

Specific location Data can collected from 

wide geographical area 

2. Analysis Process One by one Automatic generated 

3. Result  One by one Quickly obtained 

4. Speed Very slow: Distributed by 

hand or postage 

Faster: Distributed via 

online 

5. Cost  High: postage, stamp, 

transportation and fuel 

Free 

6. Response rate  Low High 

 

 

3.3.2.1 Delphi round one instrument  

 

In Delphi round one, an open-ended questionnaire which contains forty one 

(41) data scientist skills identified during the literature review has been developed. The 

objective of Delphi round one is to examine the most important data scientist skills 

required by Malaysian public sector IT officer in order to enhance their knowledge, 

skills, and capabilities in data science. Six (6) was used in order to examine the most 

important data scientist skills. The snapshot of Delphi round one questionnaire as 

shown in figure 3.5.  
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Figure 3.5     Delphi round one questionnaire snapshot 

 

Full questionnaire for Delphi round one as in Appendix B. An open-ended 

questions in the questionnaire also allow the space for experts to use their own words 

and idea, expand on the important point, and provide rich data.  

 

 

3.3.2.2 Delphi round two instrument            

In Delphi round two, an open-ended questionnaire has been developed based 

on result Delphi round one and proposed DS-CDF also has been included in order to 

evaluate the feasibility being adopted for Malaysian public sector IT officer. Two (2) 

likert scale (5 = Agree. This skill is important, 2 = Disagree. This skill is not important) 

have been used in order to finalise the most important data scientist skills. The 

snapshot of Delphi round two questionnaires as shown in figure 3.6. Full questionnaire 

for Delphi round two as in Appendix C. 

 
 

Figure 3.6     Delphi round two questionnaire snapshot 
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3.3.3    Data Collection & Analysis  

In Delphi round one, a questionnaire which contains forty one (41) data 

scientist skills identified during the literature review was distributed to the experts. 

The process of selecting an expert in the study made in detail where they were selected 

based on their knowledge, experience, and expertise in data science, big data, and 

database management. After identified the experts, an email was sent to invite them to 

participate in this research study. For participants who have agreed, they will answer 

the questionnaire via online at the link below: 

       
 

Figure 3.7     Delphi round one questionnaire link 

In this round, experts were given two (2) weeks to complete the questionnaire. The 

time given was adequate since the experts have their own responsibilities and 

commitments. After two (2) weeks, responses have been extracted from google form 

to be analysed.  

In Delphi round two, the questionnaire has been distributed to the same experts 

in round one and also to the new experts. The purpose of distributing the questionnaire 

to the new experts due to get new perspectives and ideas for this research study. In this 

round, the experts also have been given two (2) weeks time to complete the 

questionnaire in the link as shown in Figure 3.8.  

 

 
 

Figure 3.8 Delphi round two questionnaire link 

 

At this round the experts have opportunities to reassess and relate the skills based on 

the information provided, along with providing additional comments to explain any 

potential changes. In terms of analysis, this research study has used SPSS software to 

get mode, median, and standard deviation (Std.) for each data scientist skills. The 

analysis then presented in tables, graphs, and charts.  
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3.3.4    Developing  

             At this phase, the proposed DS-CDF has been developed. In order to develop 

DS-CDF for Malaysian public sector IT officer, this research study was referred and 

adapted from CDR by MAMPU (2015) and also based on result Delphi round one. 

 

 

3.3.5    Finalising  

            At this stage, the documentation prepared by filling in the information obtained 

during the literature phase, data collection, and analysis phase. The final analysis 

described in the form of diagrams, graphs, and tables are very informative. 

Discussions, conclusions, and recommendations for future work also presented clearly 

at the end of the documentation.  

 

3.4      Research Schedule  

           Research planning is the main part of a research study where it describes on 

how the research has been conducted. This study took seventeen (17) months to 

complete and the research schedule is illustrated in Appendix D. 

 

 

 

3.5      Summary 

           This chapter describes in detail how this research study has been carried out.  

Two (2) rounds Delphi techniques conducted in this research study considered 

sufficient and adequate to achieve consensus amongst the experts and also achieve 

RO2, RO3, and RO4 of this research study. 
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CHAPTER 4  

 

 FINDINGS AND ANALYSIS 

 

4.1      Introduction  

This chapter summarised the findings and analysis of this research study. This 

chapter comprises of five (5) sections. This section describes the organisation of this 

chapter. Section 4.2 describes the response rate of this research study. Whereas section 

4.3 explains in detail about findings and results for Delphi round one. Section 4.4 

describes findings and results for Delphi round two. Finally, the summary of this 

chapter is in section 4.5.  

 

4.2      Response Rate  

            The response rate explained in this section is the percentage of the expert who 

has responded to the questionnaires. In Delphi technique, the response rate is important 

to get consensus within the experts. This research study was conducted in two rounds. 

The response rate for round one and two are shown in table 4.1. 

Table 4.1 : Response rate 

 

     Delphi Round 

                                   Expert (n) 

Count n Count n % 

1 15/17 88.23% 

2 8/15 53.33% 
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Even though the number of experts involved in Delphi round two is low, but 

the experts are highly knowledgeable and have extensive experience in data science, 

big data, and database management.  

 

 

4.3      Findings and Result of Delphi Round One 

           The objective of Delphi round one is to examine the most important data 

scientist skills required by Malaysian public sector IT officers in order to enhance their 

knowledge, skills, and capabilities in data science. In Delphi round one, the 

questionnaire was distributed to seventeen (17) experts using email. However only 

fifteen (15) experts have responded. Table 4.2 portrays the data collection process and 

the response rate. 

              Table 4.2 : Process of data collection in Delphi round one 

                                No. of respondent(n)    

Data Collection Process 

Count n Count n % 

Response from 1st Email  4/17 23.53% 

Response after first reminder 12/17         70.59% 

Response after second reminder 15/17         88.23% 

The experts have rated forty one (41) data scientist skills that are identified 

during literature review. Six (6) likert scale as shown in figure 4.1 was used in order 

to examine the most important data scientist skills. The Delphi round one process is 

conducted within two weeks from the invitation process by email, a reminder to the 

participants, and receiving the feedback.  

 

  0                        1                         2                        3                        4                       5 

I’m not             Not                    Slightly            Moderate             Very           Extremely 

  Sure            Important            Important          Important         Important        Important 

 

 

Figure 4.1     Likert scale Delphi round one  
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4.3.1    Expert Profile Delphi Round One 

 Table 4.3 describe profile of expert that have participated in Delphi round one.  

                                                                                  Table 4.3 : Experts Profile 

Expert Gender Age                    

(Years)  

Profession Type of Organisation  Experience  Qualification  

Expert 1 Male Above 50 IT Consultant Government Agency 1 – 10 Years  PhD  

Expert 2 Male Above 50 Data Scientist Private Company 21 Years and Above PhD  

Expert 3 Male Above 50 IT Expert Government Agency 21 Years and Above Master 

Expert 4 Male 31 – 40 IT Expert Government Agency 11- 20 Years  Master 

Expert 5 Female Above 50 IT Expert Government Agency 1 – 10 Years  Master  

Expert 6 Female 31 – 40 IT Expert Government Agency 11- 20 Years Degree 

Expert 7 Female Above 50 IT Consultant Government Agency 1 – 10 Years PhD  

Expert 8 Female 31 – 40 IT Officer Government Agency 1 – 10 Years Degree 

Expert 9 Male Above 50 IT Consultant Government Agency 21 Years and Above Master 

Expert 10 Female 31 – 40 Lecturer University 11- 20 Years PhD 

Expert 11 Female 31 – 40 IT Expert Government Agency 1 – 10 Years Master  

Expert 12 Male 41 - 50 Data Analyst Private Company 11- 20 Years Master  

Expert 13 Female 41 - 50 IT Expert Government Agency 1 – 10 Years PhD 

Expert 14 Female 31 – 40 IT Officer Government Agency 1 – 10 Years Degree 

Expert 15 Male 41 - 50 Director Government Link 

Company(GLC) 

1 – 10 Years PhD 
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4.3.2    Demographic Information 

            Table 4.4 shows the complete demographic information of the experts. There 

are fifteen (15) experts involved, seven (7) male and eight (8) female experts. In terms 

of age range, 40% of experts are within 31 to 40 years old, 20% are within 41 to 50 

years old and 40% of experts are 51 years old and above. Most of them are from 

Government Agency (73.33%), two (2) experts from the private company (13.33%), 

one (1) expert from GLC (6.67%), and one (1) expert from university (6.67%). Most 

of the experts have more than five (5) years experience and majority of them have 

Master (40%) and PhD (40%).   

                Table 4.4 : Demographic information of the experts Delphi round 1 

Variables Options Male                          

n = 7 

Female                   

n = 8 

Total                

n=15 

Percentage 

(%) 

 

 

Age 31-40 1 5 6 40.00%  

41 – 50 2 1 3 20.00%  

51  and Above 4 2 6 40.00% 

 

 

Profession  IT Consultant 2 1 3 20.00%  

IT Expert 2 4 6 40.00%  

IT Officer 0 2 2 13.33%  

Data Scientist 1 0 1 6.67%  

Data Analyst 1 0 1 6.67%  

Director  1 0 1 6.67%  

Lecturer  0 1 1 6.67% 

 

 

Type of  

organisation 

Government Agency 4 7 11 73.33%  

Private Company  2 0 2 13.33%  

GLC 1 0 1 6.67%  

University  0 1 1 6.67% 

 

 

Year of  

experience 

1 - 10 Years 3 5 8 53.33%  

11 - 20 Years 2 2 4 26.67%  

21 Years and Above 3 0 3 20.00% 

 

 

Highest         

Academic 

Qualification 

PhD 3 3 6 40.00%  

Master 4 2 6 40.00%  

Degree 0 3 3 20.00% 
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In terms of profession, three (3) experts are Malaysian public sector IT 

consultants, six (6) experts are Malaysian public sector IT experts across agencies, two 

(2) of them are Malaysian public sector IT officers that certified in Data Science from 

John Hopkins University, one (1) of them is data scientist from private company, one 

(1) data analyst, one (1) director,  and one (1) data science lecturer as shown in figure 

4.2.  

 
                                   

Figure 4.2     Population by profession 
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4.3.3    Descriptive Statistic  

Descriptive statistics are used to summarise and described the data in this 

research study. The mode, median, and standard deviation (Std.) for each skill has been 

generated using SPSS software. Table 4.5 portrays descriptive statistic for Delphi 

round one based on the data scientist skill category where table 4.6 portrays the 

descriptive statistic based on mode.    

 

             Table 4.5 : Descriptive Statistic Delphi Round One Based On Category  

Category/Skills                     Mode (Mo)                     % of Mo Median Std. 

Computer Science 

Hadoop 4 Very important 60.00% 3.60 1.12 

R Programming 4 Very important 46.67% 3.93 1.28 

Basic Programming 4 Very important 46.67% 3.80 0.86 

Python 4 Very important 46.67% 3.40 0.99 

System architecture 4 Very important 33.33% 3.33 1.11 

MapReduce      4 Very important  46.67% 3.27 1.16 

C/C++/C# 3 Moderate important 53.33% 3.00  0.85 

Java 3 Moderate important 53.33% 3.00 1.07 

Ruby 3 Moderate important 46.67% 2.87 0.99 

Cloud computing 3 Moderate important 46.67% 2.80 1.26 

Privacy & Security 3 Moderate important 40.00% 3.47 1.13 

Pig  3 Moderate important 40.00% 3.07 1.03 

Distributed System 3 Moderate important  40.00% 2.80 1.08 

Clojure 3 Moderate important 40.00% 2.13 1.25 

Mahout 3 Moderate important 33.33% 2.87 1.30 

Analytics 

Analysis 5 Extremely important  66.67%      4.53 0.74 

Algorithm 4 Very important  80.00%      3.80 0.86 

Statistic  4 Very important  60.00% 4.40 0.51 

Mathematic  4 Very important  46.67% 3.93 0.88 

Probability 4 Very important  46.67% 3.80 0.86 

AI 4 Very important  46.67% 3.53 0.74 

NLP 4 Very important  46.67% 3.33 1.05 

Machine Learning 4 Very important  40.00% 3.87 0.92 

Matlab 4 Very important  40.00% 3.33 0.90 

SAS 3 Moderate important  46.67% 3.13 0.74 

Simulation 3 Moderate important  40.00% 3.73 0.96 

  Data Management 

Data Visualisation     5 Extremely important  53.33%     4.47 0.64 

Data Modelling       5 Extremely important  53.33%     4.40 0.74 

Basic Database  5 Extremely important  40.00%     4.00 1.00 

Data Manipulation  4 Very important  60.00%     4.13 0.64 

Data Processing  4 Very important  53.33%     3.93 1.03 

SQL 4 Very important  53.33%     3.80 1.01 

Hive 4 Very important  53.33%     3.67 0.90 

Data Mining  4 Very important  46.67%     4.13 0.74 

Data Warehousing 4 Very important  46.67%     3.73 0.70 

BI    4 Very important  40.00%      4.00 0.93 

  Decision management  
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Decision making 5 Extremely important  53.33%    4.40 0.74 

Ethics 5 Extremely important  46.67%    4.20 0.86 

Communication 5 Extremely important  46.67%    4.13 0.99 

Entrepreneurship 

Business 4 Very important   66.67%    3.67 0.82 

Economic 4 Very important   53.33%    3.53 0.83 

 

Table 4.6 : Descriptive Statistic Delphi Round One Based Mode  

Mode Total Skills 

5                        

(Extremely 

Important) 

7 Skills 1. Analysis (66.67%) 

2. Data Visualisation (53.33%) 

3. Data Modelling (53.33%) 

4. Decision making (53.33%) 

5. Ethics (46.67%) 

6. Communication (46.67%) 

7. Basic Database (40.00%) 

4                                 

(Very                 

Important) 

23 Skills 1. Algorithm (80.00%) 

2. Business (66.67%) 

3. Hadoop (60.00%) 

4. Statistic (60.00%) 

5. Data Manipulation (60.00%) 

6. Data Processing (53.33%) 

7. SQL (53.33%) 

8. Hive (53.33%) 

9. Economic (53.33%) 

10. Mathematic (46.67%) 

11. R programming (46.67%) 

12. Basic Programming (46.67%) 

13. Python (46.67%) 

14. Probability (46.67%) 

15. AI (46.67%) 

16. NLP (46.67%) 

17. MapReduce (46.67%) 

18. Data Mining (46.67%) 

19. Data Warehousing (46.67%) 

20. Machine Learning (40.00%) 

21. Matlab (40.00%)             

22. BI (40.00%) 

23. System architecture (33.33%) 

3                            

(Moderate 

Important) 

11 Skills 1. C/C++/C# (53.33%) 

2. Java (53.33%) 

3. Ruby (46.67%) 

4. Cloud computing (46.67%) 

5. SAS (46.67%) 
6. Privacy and Security (40.00%) 

7. Pig (40.00%) 

8. Distributed System (40.00%) 

9. Clojure (40.00%) 

10. Simulation (40.00%) 

11. Mahout (33.33%) 
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From the results, this study have found that seven (7) skills has been rated as 

extremely important, twenty three (23) skills are very important, and eleven (11) skills 

are moderate important as shown in figure 4.3. 

 

 

Figure 4.3     Statistic based on mode 

Based on table 4.6, 66.67% of the experts agreed that analysis is extremely 

important skill needed by Malaysian public sector IT officer in order to become a data 

scientist. Secondly, 53.3% of the experts agreed that data visualisation, data modelling 

and decision making is extremely important skills followed by communication and 

ethics skills (46.67%). Under score very important = 4, algorithms have the highest 

percentages rated by the expert (80.00%), followed by business (66.67%). Hadoop, 

statistic and data manipulation have the third highest percentage (60%). Finally, under 

moderate important, C/C++/C# and java have the highest percentages rated by the 

expert (53.33%). Even thought, forty one (41) skills has been rated as extremely 

important, very important and moderate important, there are two (2) skills have gained 

the highest percentage (21.43%) under the score of not important=1. The skills are 

cloud computing and distributed system. The experts have collectively agreed that the 

skills not important. Out of fifteen (15) experts, three (3) of them gives some 

suggestions and recommendations as listed in Table 4.7. 

 

7 skills - 17.07%

23 Skills -

56.09%

11 Skills -26.82%

Extremely Important

Very important

Moderate important
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          Table 4.7: List of suggestion and comments from experts  

Expert Suggestions and recommendations  

Expert 1 BDA requires skills in understanding for holistic enterprise perspective 

other than technological aspects 

Expert 2 Soft skill, creativity and strategic thinking also important 

Expert 4 Data Scientist should relate with subject matter 

 

 

4.3.4    Summary Delphi round one 

 The objective of Delphi round one is to examine the most important data 

scientist skills for Malaysian public sector IT officers in order to enhance their skills 

and capabilities in data science. Based on mode, forty one (41) data scientist skills 

have rated as extremely important, very important, and moderate important. Two (2) 

skills have been eliminated from the list due to highest percentage under not important 

score which is cloud computing and distributed system. Another Five (5) skills added 

by experts are critical thinking, business strategic, forecasting, retail, and finance. 

Hence, forty four (44) data scientist skills are considered in Delphi round two. Based 

on result Delphi round 1, the proposed DS-CDF was developed as shown in figure 4.4.
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Figure 4.4      Proposed DS-CDF
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4.4      Findings and Result of Delphi Round Two 

The objective of Delphi round two is to finalise result Delphi round one and to 

evaluate proposed DS-CDF. In Delphi round two, the questionnaire is distributed to 

fifteenth (15) experts using email. However, only eight (8) experts have responded. 

Table 4.8 portrays the data collection process and the response rate. 

              Table 4.8 : Process of data collection in Delphi round two 

                               No. of respondent (n)   

Data Collection Process 

Count n Count n % 

Response from 1st Email  5/15 33.33% 

Response after first reminder  8/15 53.33% 

The experts have rated forty one (44) data scientist skills based on result Delphi 

round 1. Two (2) likert scale (2 = Agree. This skill is important, 1 = Disagree. This 

skill is not important) as shown in figure 4.5 was used in order to finalise the most 

important data scientist skills and two (2) likert scale (5=Yes, 4=No) used to evaluated 

the DS-CDF whether it is feasible to adopt in Malaysian public sector or not. The 

Delphi round two process was conducted within two (2) weeks from the invitation 

process by email, a reminder to the participant, and receiving the feedback.  

 

                                               1                           2                                               

                                          Disagree                Agree             

 

 

Figure 4.5     Likert Scale 

 

 

4.4.1    Expert Profile  

Table 4.9 describes the profile of experts that have participated in Delphi round 

two.  
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Table 4.9 : Experts Profile Delphi Round Two 

Expert Gender Age Profession Type of Organisation  Experience in Data  Qualification  

Expert 1 Female 31 - 40 IT Officer Government Agency 1 - 10 Years Degree 

Expert 2 Male 31 - 40 IT Expert Government Agency 11 - 20 Years Master 

Expert 3 Male 50 and Above IT Consultant Government Agency 20 Years and Above PhD 

Expert 4 Female 31 - 40 IT Officer Government Agency 1 - 10 Years Degree 

Expert 5 Male 50 and Above IT Consultant International Company 20 Years and Above PhD 

Expert 6 Male 41 - 50 Data Scientist International Company 11 - 20 Years PhD 

Expert 7 Female 41 - 50 Lecturer University  1 - 10 Years PhD 

Expert 8 Male 50 and Above Data Scientist International Company 20 Years and Above PhD 
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4.4.2    Demographic Information  

            Table 4.10 shows the complete demographic information of the expert in 

Delphi round two. There are eight (8) experts involved, five (5) male and three (3) 

female experts. In terms of age range, 37.50% experts are within 31 to 40 years old, 

25.00% are within 41 to 50 years old and 37.50% experts are 51 years old and above. 

Most of them are from Government Agency (50.00%), three (3) experts from the 

international company (37.50%), and one (1) expert from university (12.50%). Most 

of the experts have more than five (5) years experience and 62.50% of the experts have 

PhD.  

               Table 4.10 : Demographic information of the experts Delphi round 2 

Variables Options Male                          

n = 5 

Female                   

n = 3 

Total                

n=8 

Percentage 

(%) 

 

 

Age 31-40 1 2 3 37.50%  

41 – 50 1 1 2 25.00%  

51  and Above 3 0 3 37.50% 

 

 

Profession  IT Consultant 2 0 2 25.00%  

IT Expert 1 0 1 12.50%  

IT Officer 0 2 2 25.00%  

Data Scientist 2 0 2 25.00%  

Lecturer  0 1 1 12.50% 

 

 

Type of  

organisation 

Government Agency 2 2 4 50.00%  

International Company  3 0 3 37.50%  

University  0 1 1 12.50% 

 

 

Year of  

experience 

1 - 10 Years 0 3 3 37.50%  

11 - 20 Years 2 0 2 25.00%  

21 Years and Above 3 0 3 37.50% 

 

 

Highest         

Academic 

Qualification 

PhD 4 1 5 62.50%  

Master 1 0 1 12.50%  

Degree 0 2 2 25.00%  
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In terms of profession, two (2) experts are Malaysian public sector IT 

consultants, one (1) experts from Malaysian public sector, two (2)  of them are 

Malaysian public sector IT officers that certified in Data Science from John Hopkins 

University, 2 (two) of them are data scientist from international company, and one (1) 

lecturer as shown in figure 4.6.  

 

                               

Figure 4.6    Population by profession 
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4.4.3    Descriptive Statistic  

Table 4.11 portrays descriptive analysis for Delphi round two that consists 

forty four (44) data scientist skills.  

 

Table 4.11 : Descriptive Statistic Delphi Round two based on mode 

Category/Level 

Competency 

                    Mode (Mo)                          % of Mo Median Std. 

 

Important   

Basic Database  2 Agree. This skill is important    100.00% 2.00 0.00 

SQL 2 Agree. This skill is important 100.00% 2.00 0.00 

Communication 2 Agree. This skill is important 100.00% 2.00 0.00 

Ethics 2 Agree. This skill is important 100.00% 2.00 0.00 

Algorithm 2 Agree. This skill is important 100.00% 2.00 0.00 

Analysis 2 Agree. This skill is important 100.00% 2.00 0.00 

Business 2 Agree. This skill is important 100.00% 2.00 0.00 

Matlab 2 Agree. This skill is important 100.00% 2.00 0.00 

MapReduce 2 Agree. This skill is important 100.00% 2.00 0.00 

Data Processing 2 Agree. This skill is important 100.00% 2.00 0.00 

Data Mining 2 Agree. This skill is important 100.00% 2.00 0.00 

Machine Learning 2 Agree. This skill is important 100.00% 2.00 0.00 

Data Manipulation 2 Agree. This skill is important 100.00% 2.00 0.00 

Data Modelling 2 Agree. This skill is important 100.00% 2.00 0.00 

Data Visualisation 2 Agree. This skill is important 100.00% 2.00 0.00 

Decision making 2 Agree. This skill is important 100.00% 2.00 0.00 

Forecasting 2 Agree. This skill is important 100.00% 2.00 0.00 

Business Strategic 2 Agree. This skill is important 100.00% 2.00 0.00 

Statistic 2 Agree. This skill is important 87.50% 1.88 0.35 

Probability 2 Agree. This skill is important 87.50% 1.88 0.35 

R Programming 2 Agree. This skill is important 75.00% 1.75 0.46 

Hadoop 2 Agree. This skill is important 75.00% 1.75 0.46 

Mathematic 2 Agree. This skill is important 75.00% 1.75 0.46 

Bus. Intelligence  2 Agree. This skill is important 75.00% 1.75 0.46 

Critical Thinking 2 Agree. This skill is important 75.00% 1.75 0.46 

C/C++/C# 2 Agree. This skill is important 62.50% 1.63 0.52 

Java 2 Agree. This skill is important 62.50% 1.75 0.46 

Data Warehousing 2 Agree. This skill is important 62.50% 1.63 0.52 

Pig  2 Agree. This skill is important 62.50% 1.63 0.52 

Mahout 2 Agree. This skill is important 87.50% 1.88 0.35 

Python 2 Agree. This skill is important 87.50% 1.88 0.35 

SAS 2 Agree. This skill is important 87.50% 1.88 0.35 

Security & Privacy 2 Agree. This skill is important 75.00% 1.75 0.46 

Clojure 2 Agree. This skill is important 75.00% 1.75 0.46 

Hive 2 Agree. This skill is important 75.00% 1.75 0.46 

Sys.Archietcture 2 Agree. This skill is important 62.50% 1.63 0.52 

AI 2 Agree. This skill is important 50.00% 1.50 0.53 

Simulation 2 Agree. This skill is important 87.50% 1.88 0.35 

Economic 2 Agree. This skill is important 75.00% 1.75 0.46 

NLP 2 Agree. This skill is important 87.50% 1.88 0.35 

Not important  

Retail 1 Disagree. This skill is not 

important 

87.50% 1.13 0.35 
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Ruby 1 Disagree. This skill is not 

important 

50.00% 1.50 0.53 

Finance 1 Disagree. This skill is not 

important 

62.50% 1.38 0.52 

From the results, experts literally agreed that forty one (41) data scientist skills 

are important and three (3) data scientist skills are not important as shown in figure 

4.7. Three (3) skills rated not important by the experts are Ruby, Retails, and Finance.  

 

 

Figure 4.7     Statistic on importance of data scientist skills 

Based on the statistic in table 4.11, nineteenth (19) skills score 100% are Basic 

Programming, Basic Database, SQL, Communication, Ethics, Algorithm, Analysis, 

Business, Matlab, MapReduce, Data Processing, Data Mining, Machine Learning, 

Data Manipulation, Data Modelling, Data Visualisation, Decision making, 

Forecasting, and Business Strategic.  

Other than to obtain censuses from experts on important data scientist skills, 

another objective of Delphi round two is to evaluate the feasibility of the proposed 

framework that has been developed. In Delphi round two questionnaires, the experts 

have evaluated whether the DS-CDF is feasible or not with supporting reason. By 

doing this, RO4 of this research study has achieved. They also have to give some 

suggestion on how to improve the framework and recommendations on tools and 

mechanism to explore the skills.  

41 skills -

93.18%

3 skills -

6.81%

Important

Not important
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Based on result Delphi round two, out of eight (8) experts, seven (7) experts 

agreed that the framework is feasible to adopt in Malaysian public sector as shown in 

figure 4.8. However, only one expert felt the proposed DS-CDF not feasible.  

 

Figure 4.8      Feasibility statistic of the DS-CDF 

 

                   Table 4.12 : List of comments from the experts 

Expert Feasibly for adoption  Comments 

Expert 1 Yes “Currently, every skills needed for each level 

is appropriate and can be achieved by 

Government IT Officer”. 

 

Expert 2 No “Too complicated and IT Officers usually 

need to cover multiple activities e.g 

operation, security, application development, 

assets, administrative”. 

 

Expert 3 Yes “To set out a clear direction in the skills and 

competency dev programme as well for DS 

career path”. 

 

Expert 4 Yes “Data Scientist is significant today as growth 

of big data technology. Perhaps Statisticians 

also can consider to be Data Scientist”. 

 

Expert 5 Yes “It is quite a throught framework. It can be 

tuned over time if it is not ideal”. 

7 experts 

(87.5%)

1 expert 

(12.5%) 

Feasible

Not feasible

0 1 2 3 4 5 6 7 8
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Expert 6 Yes “The framework is feasible because it include 

all necessary skills required to become a data 

scientist”. 

 

Expert 7 Yes “The framework is very clear in term of 

career progression in data science”  

 

Expert 8 Yes “Feasible because it’s show step by step from 

beginning until end of the journey”. 

Table 4.13 listed recommendation from the expert on how to improve the framework.  

           Table 4.13 : The comments in order to improve the SD-CDF 

Expert Comments 

Expert 1 “Database (technical) should include big data features 

(unstructured data) which it's important for data stored.  

 

Expert 2 “Assessment, practicality”. 

 

Expert 3 “Career progression for DS field”. 

 

Expert 4 “The structure of endorsement for each level in the 

framework (if necessary)”. 

 

Expert 5 “Tools such as Apache Spark”. 

 

Expert 6 “Please include SME in the framework. SME is the 

core/key person/owner of the data. Put some estimation 

or indicator – years”. 

 

Expert 7 “No comment”. 

 

Expert 8 “Put year estimation”. 

 

In term of tools and mechanism, this study also asked the experts to give other 

suggestion and recommendation. Tools and mechanism that been suggested by the 

experts are Special Interest Group (SIG), boot camp, mentoring & coaching, 

roundtable discussion which involves government, industry, and academician, attend 

a conference, hands-on, and Massive Online Open Courses (MOOC).  

Finally, experts also added and suggested another data science skills that not 

covered in Delphi one and two. The skills are storytelling, Scala, NoSQL, social 

network analysis, pattern analysis, and Apache Spark.  
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4.4.4    Summary Delphi round two 

            In summary, there are forty one (41) data scientist skills have been rated as 

important by the experts whereas three (3) skills are not important namely Ruby, 

Retail, and Finance. Out of eight (8) experts involved in Delphi round two, seven (7) 

experts (87.5%) agreed that the DS-CDF is feasible to adopt for Malaysia public sector 

IT officers in order to enhance their competency in data science. In this round, the 

experts give their full commitment by gives many suggestions and recommendations 

on how to improve the DS-CDF and have added new data scientist skills. All the inputs 

were considered in the process of enhancement of the DS-CDF. Final DS-CDF will be 

discussed in Section 5.5 in Chapter 5. 

 

4.5      Summary  

This chapter has been discussed about finding and analysis of Delphi round 

one and two. Overall summary of Delphi shown in Table 4.14  

                Table 4.14 : Summary of Delphi round one and two 

Delphi  Instrument  No. of respondents  Result 

Round 1 

 

Objective Delphi round 1:  

 To examine the most important data scientist skills.  

Open-ended 

questionnaire 

15 experts  Experts have agreed that 

analysis, algorithms and 

C/C++/C# is a very 

important skill.  

 

 Cloud computing and 

distributed system has the 

highest standard deviation 

(std.). These two (2) skills 

have been eliminated of the 

list.  

 

 Expert have added five (5) 

more data scientist skills. The 

skills are critical thinking, 

business strategic, 
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forecasting, retail, and 

finance. 

 

Round 2 

 

Objective Delphi round 2:  

 To finalise result Delphi round one 

 To evaluate to feasibility of the DS-CDF being adopted by 

Malaysian public sector IT officers. 

 

Open-ended 

questionnaire 

 

8 experts  Expert have agreed that 

Basic Programming, Basic 

Database, SQL, 

Communication, Ethics, 

Algorithm, Analysis, 

Business, Matlab, 

MapReduce, Data 

Processing, Data Mining, 

Machine Learning, Data 

Manipulation, Data 

Modelling, Data 

Visualisation, Decision 

making, Forecasting and 

Business Strategic (scored 

100%) is the most important 

data scientist skills required 

by Malaysian public sector 

IT officer.  

 

 Expert literally agreed that 

Ruby, Retail and Finance 

skills is not important.  

 

 Out of eight (8) experts, 

seven (7) of them agreed that 

the DS-CDF is feasible to 

adopt in Malaysian public 

sector. 
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CHAPTER 5   

 

DISCUSSION AND CONCLUSION  

 

5.1     Introduction  

          This chapter discussed the conclusion of this research study. Section 5.2 

describe first the deliverable of this research study (RO1), the data scientist 

competency profile. Then the second deliverable of this research study (RO2), the most 

data scientist skills described in section 5.3. Section 5.4 portrayed the third deliverable 

of this research study (RO3), the development DS-CDF followed by the fourth 

deliverable of this research study (RO4), the evaluation of DS-CDF is in section 5.5. 

Research limitation discussed in section 5.6 whereas section 5.7 discussed the future 

research. Finally, the summary of this chapter is in section 5.8. To recap, the objectives 

of this research study are: 

(i) To identify data scientist competency profile from global best practices. 

 

(ii) To examine the most important data scientist skills required by    

 

             Malaysian public sector IT officers. 

 

(iii) To develop the DS-CDF for Malaysian public sector IT officer.  

 

(iv) To evaluate the DS-CDF.   
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5.2     Data Science Competency Profile 

           This research study achieved research objective one (RO1) when literature 

review was conducted to identify the data scientist competency profile especially on 

skills needed by Malaysian public sector IT officer in order to increase their 

competency in data science field. From the literature review, this research study found 

forty one (41) skills from GBP including Malaysia. The initial list of data scientist 

skills are divided into five (5) categories as shown in table 5.1.  

                      Table 5.1: The initial list of data scientist skills 

No. Category Total Skills 

1. Computer Science  

 

15 Skills   C/C++/C# 

 Cloud computing 

 Distributed System 

 Java 

 MapReduce  

 Programming 

 Privacy and Security 

 R Programming 

 System architecture 

 Clojure 

 Hadoop 

 Mahout 

 Pig  

 Python 

 Ruby  

 

2. Analytics  

 

 

    11 Skills  Algorithm 

 AI 

 Analysis 

 Machine Learning 

 Mathematic  

 Matlab 

 NLP 

 Probability 

 SAS 

 Statistic 

 Simulation 

 

3. Data Management  

 

 

 

 

    10 Skills   BI 

 Basic Database 

 Data Mining  

 Data Manipulation  

 Data Modelling  

 Data Visualisation  
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 Data Processing  

 Data Warehousing 

 SQL 

 Hive 

 

4. Decision 

management  

 

 

  3 Skills   Communication 

 Decision making 

 Ethics 

 

5. Entrepreneurship    2 Skills   Business   

 Economic 

 

 

Based on initial finding, the Machine Learning has the highest percentage 

(52.94%) appeared among the papers. The second highest are basic programming and 

statistic (47.05%). Finally in third place are Hadoop, Analysis, Communication, and 

Business (35.29%). This research study also has been explored the data scientist skills 

from five (5) countries like United States of America (USA), United Kingdom (UK), 

India, Japan, and also Malaysia. The countries emphasised that programming 

language, analysis, machine learning, communication, and business are the most 

important needed by the data scientist.  

In addition, this research study has found that data scientist is the most popular 

profession in ICT market since 2014 due data gives value added, significant impact, 

and assist organisations to identify their competitive advantages. The data that has 

been processed and visualise in informative manner help the stakeholder make a 

decision faster, accurately, and transparent. Other than that, this research study also 

found that most universities offered programs related to data science to meet the 

demands and needs of the market. Organisations also started sending their IT personnel 

to the data science courses and training as early exposure and experience.  
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5.3     The most important data scientist skills  

           This research study achieved research objective two (RO2), to examine the 

most important data scientist skills when Delphi round one and two was conducted. In 

Delphi round one, experts have rated the most important data scientist skills based on 

category. Based on mode, forty one (41) data scientist skills have rated as extremely 

important, very important, and moderate important. Another five (5) skills added by 

experts are critical thinking, business strategic, forecasting, retail, and finance. Two 

(2) skills have been eliminated from the list due to highest percentage under not 

important score which is cloud computing and distributed system. In Delphi round 

two, there are forty one (41) data scientist skills have been rated as important by the 

experts, whereas three (3) skills are not important namely Ruby, Retail, and Finance. 

The final list of the most important data scientist skills as shown in Table 5.2 

Table 5.2 The final list of the most important data scientist skills 

Mode Total Skills 

5                        

(Extremely 

Important) 

7 Skills 1. Analysis  

2. Data Visualisation  

3. Data Modelling  

4. Decision making  

5. Ethics  

6. Communication  

7. Basic Database  

4                                 

(Very Important) 

23 Skills 1. Algorithm  

2. Business  

3. Hadoop  

4. Statistic  

5. Data Manipulation  

6. Data Processing  

7. SQL  

8. Hive  

9. Economic  

10. Mathematic 

11.  R programming  

12. Basic Programming  

13. Python  

14. Probability  

15. AI 

16. NLP 

17. MapReduce  

18. Data Mining  

19. Data Warehousing  

20. B1 
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21. Machine Learning  

22. Matlab  

23. System architecture  

3                            

(Moderate 

Important) 

16 Skills 1. C/C++/C#  

2. Java  

3. SAS  

4. Privacy and Security  

5. Pig  

6. Clojure  

7. Simulation 

8. Mahout  

9. Scala 

10. Apache Spark  

11. NoSQL 

12. Social Network Analysis  

13. Storytelling  

14. Business Strategic 

15. Forecasting  

16. Critical Thinking  
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5.4     The development of the DS-CDF 

           In order to develop DS-CDF for Malaysian public sector IT officer, this 

research study was referred and adapted CDR by MAMPU (2015). The development 

of framework also based on the results of Delphi round one and two. At this stage, 

research objective three (RO3) of this research study has been achieved. Figure 5.1 

portray the proposed DS-CDF for Malaysia public Sector IT officer that categorised 

by computer science, analytics, data management, decision management, and 

entrepreneurship. The skills for each category have been arranged according to the 

percentage rated by the experts in Delphi round one. For example, in data management 

category and level of importance is extremely important, the skills are data 

visualization, data modelling, and basic database. Two (2) skills have been eliminated 

from the list due to highest percentage under not important score which is cloud 

computing and distributed system. Another five (5) skills added by experts are critical 

thinking, business strategic, forecasting, retail, and finance. Since skills are not rated 

by an expert, it is placed under a moderate important level. In order to explore the 

skills, programs such as training, certification, courses, paper writing, presentation, 

research, consultation, advisory, project attachment, and collaboration are the best 

tools and mechanism.
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Figure 5.1     Proposed DS-CDF
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5.5     Evaluation of the DS-CDF 

          Research objective four (RO4) of this research study has been achieved when 

Delphi round two analysis has been completed. Based on experts review and 

evaluation, an enhancement of DS-CDF has been carried out. All comments, 

suggestions, and recommendations from the experts have been taken into account in 

the enhancement process of the framework. The final DS-CDF illustrated in Figure 

5.2. Based on Figure 5.2, overall there are forty six (46) data scientist skills rated as 

important by the experts. There are seven (7) skills under extremely important, twenty 

three (23) skills under very important, and sixteenth (16) under moderate important. 

Details of enhancement of the DS-CDF as per below: 

i.      Ruby, Retail, and Finance skills was eliminated from the framework due rated    

     as not important by the experts.  

ii. Hive moves under computer science category based on the suggestion by one of 

the expert.  

iii. New data scientist skills like storytelling, Scala, NoSQL, social network 

analysis, and Apache Spark has been added in the framework as suggested by 

experts. 

         For addition, experts also suggest new tools and mechanism like Special Interest 

Group (SIG), boot camp, mentoring and coaching, roundtable discussion which 

involves Government, industries, and academician, attend a conference, hands-on, and 

Massive Online Open Courses (MOOC). At this stage, the consensus within the 

experts has been achieved. (87.5%) agreed that the DS-CDF is feasible to adopt for 

Malaysia public sector IT officers. Table 5.3 describes the definition and purposes of 

each data scientist skills in the framework.  
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 Figure 5.2     DS-CDF for Malaysian public sector IT officer 
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                     Table 5.3 : Data scientist skills explanation  

   

No. Skills Description  

Level of importance:  Extremely Important  

1. Analysis  Analysis is a process of inspecting, cleansing, 

transforming, and modelling the data in order to 

discover useful information and support in 

decision making process. 

 

2. Data Visualisation  Data visualization is a process that describes any 

effort that helps people to understand the 

significance of data by presenting in visual 

manner.  

 

3. Data Modelling  Data modelling is the first step in database design 

and programming process where the conceptual 

model are designed to see the relationship 

between the data. Basically, data modelling 

process started with the conceptual design to 

physical design.  

 

4. Decision making  Decision-making is a cognitive process that 

provides any possibilities or option to the 

stakeholders.  

 

5. Ethics  Ethics is a moral principles that develop 

individual and team behaviour.  

 

6. Communication  Communication is a process or act of conveying 

intended meanings from one individual or 

grouping using certain method that can be 

understood.  

 

7. Basic Database Basic database is a skill of managing, converting, 

normalising, and cleaning the data in the database.  

 

Level of importance:  Very Important  

8. Business  Business skills is important in order to understand 

organisation business objectives, environment, 

and strategies to maximise used of data in the 

organisation. 

 

9. Hadoop  Hadoop is an open-source software framework 

used for distributed storage and processing of 

very large data sets. 
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10. Statistic  Statistic skill used to measure of some attribute of 

a sample of data. 

 

11. Data Manipulation Data manipulation skill used for selecting, 

inserting, deleting and updating data in a 

databases.  

 

12. Data Processing Skill to retrieve, transform, or classify 

information. 

 

13. SQL  Skills used in programming and designed for 

managing data RDBMS. 

 

14. Hive  Hive is the data warehouse infrastructure built on 

top of Hadoop to summary and analysis of data. 

 

15. Economic  Economic is social science field that described 

production, distribution, and consumption of 

goods and services.  

 

16. Mathematic Mathematic is a study of topics related to number. 

 

17. R programming  R programming is a new programming language 

used for statistical computing and graphics. 

 

18. Basic Programming  Basic programming is a set of grammatical rules 

used to instruct a computer to perform specific 

job. An Example of basic programming 

language is  C, C++, COBOL, FORTRAN, Ada, 

and Pascal. 

 

19. Python  Python is a programming language in BDA. 

Python suitable for novice where it provide ease 

of use. Fast to learn and can run on any platform. 

  

20. Probability  Probability is the measure the possibilities of 

occurrence.  

 

21. AI Artificial intelligence is field related to the 

development of machine that can act like human. 

 

22. NLP  NLP is a computational linguistics concerned 

with the interactions between computers and 

human.  

 

23. MapReduce  MapReduce is an activity to splits the input 

dataset into independent chunks. The independent 

chunks are processed by the map tasks in a 

completely parallel manner. The framework sorts 
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the outputs of the maps, which are then input to 

the reduce tasks. 

24. Data Mining  Data mining is the computational process of 

discovering the trend, behaviour, and patterns in 

large data sets. 

 

25. Data Warehousing  Data warehousing related to how to extract, 

transform, and load the data from multiple source.  

 

26. Machine Learning  Machine learning is the development of computer 

programs that can change when exposed to new 

data. 

 

27. Matlab Matlab is productive software environment for 

engineers and scientists. 

 

28. BI  BI is a technology-driven process to analyse the 

data, visualise into form of dashboard and 

scorecard to help top management in decision 

making process.  

 

29. System architecture System architecture is a conceptual model that 

defines the structure and behaviour of the system. 

 

30. Algorithm  Algorithm is a process or set of rules to be 

followed in calculations and problem-solving 

operations.  

 

Level of importance:  Moderate Important 

31. C/C++/C# C/C++/C# is a programming language that 

supports structured programming, lexical variable 

scope, and recursion. 

 

32. Java Java is an object-oriented programming language 

that can run on all platforms and one of the most 

programming language used in system and 

website development.   

 

33. SAS SAS is BI and data management software and 

services. 

 

34. Privacy and Security Privacy and security skills basically used to 

protect privacy and safeguard personal and 

business information. 

 

35. Pig  Pig is a high level platform to create program that 

runs on Apache Hadoop. 
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36. Clojure Clojure is a functional programming language 

that features a concise syntax, elegant 

concurrency supports and frictionless Java 

integration. 

 

37. Simulation Simulation is a process to create the real 

environment to virtual manner. Basically used for 

testing, hypothesis, and experiment.  

 

38. Mahoot Mahout is a library of scalable machine-learning 

algorithms. 

 

39. Scala Scala is a functional and object-oriented 

programming used for logical and scheme syntax.  

 

40. Apache Spark  Apache Spark is an engine used for big data 

processing with is provide many features like 

graphical presentations tools, machine learning, 

and analytics.  

 

41. NoSQL NoSQL database environment that put a non-

relational and largely distributed database system. 

 

42. Social Network Analysis  Social network analysis is the mapping and 

measuring of relationships and flows between all 

entities that connected to the social network.   

 

43. Business Strategic Business strategic is the art, science, and craft of 

formulating, implementing and evaluating cross-

functional decisions that will enable an 

organization to achieve its long-term objectives. 

 

44. Forecasting  Forecasting is the process of making predictions 

of the future based on past and present data and 

most commonly by analysis of trends. 

 

45. Critical Thinking  Critical thinking is the ability to think clearly for 

further actions and decision.  

 

46. Storytelling  Storytelling help in explaining the scenarios, 

problems and any potential of the data to the 

peoples.  
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5.6     Research Limitation  

         This section described the limitations of this research study. Even though this 

research study has reached to aims, there are some limitations and constraints that have 

been encountered. Firstly, since data science is still quite new in this era, this research 

study obtained few numbers of academic papers. Hence, this study also includes from 

industries perspectives. Secondly, the number of experts in this area still low, 

especially in Malaysia. Therefore, to come across this limitation the experts that have 

been chosen have widened knowledge and experience. Thirdly, due to the time 

constraint, this research study has been conducted using open-ended questionnaire. An 

open-ended questionnaire was used because it is faster, efficient, and data can be 

collected from a wide geographical area. However, this research study can be further 

improved if the Delphi technique can be conducted using interview session with the 

experts. By interviewing the experts, this research study will gather and obtained more 

valuable and rich information. 

 

5.7     Future Research  

           For future research, this research study suggests other researchers explore and 

develop a full set of data scientist curriculum for each skill. The curriculum should 

include learning objectives, learning outcomes, contents, assessment method, duration, 

and sources of reference. The second recommendation is to develop the roadmap based 

on the level of competency – novice, advanced beginner, competence, proficient, and 

expert. 

 

5.8     Summary 

         For conclusion, this research study has been identified and examined the most 

important data scientist skills for Malaysian public sector IT officer, develop, and 

evaluate the DS-CDF. This required skills may be relevant for several years, but in 
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two (2) or 3(three) years time, perhaps other new skills are also required. This is due 

to the rapid development of new IT skills and software. 
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APPENDIX A 

 

                             PRELIMINARY INTERVIEW  

 

                                         

 

Soalan: 

1. Bolehkah YBrs Dr/Tuan/Puan terangkan serba sedikit mengenai Projek Data Raya 

Sektor Awam(DRSA): 

________________________________________________________________ 

      

________________________________________________________________ 

 

________________________________________________________________ 

 

2. Apakah objektif projek ini?  

 

________________________________________________________________ 

      

________________________________________________________________ 

 

________________________________________________________________ 

 

3.   Apakah pendekatan pelaksanaan projek ini? 
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i) Dalaman (Inhouse)  

 

ii) Kolabaratif (Collaborative)  

 

iii) Menggunakan khidmat luar (Outsource)  

 

4. Adakah Pegawai Teknologi Maklumat (PTM) yang terlibat dalam projek DRSA 

diberi pendedahan (contoh: latihan) yang secukupnya dalam bidang Big Data 

Analytics/Data Science? 

 

i)      Ya     

ii)         Tidak  

 

5. Senaraikan program: 

No. Nama Program Jenis Program 

(Latihan / Seminar/ ) 

i.  

 

 

ii.  

 

 

iii.  

 

 

iv.  

 

 

 

6. Pada pendapat YBrs Dr/Tuan/Puan, adakah program yang telah dihadiri oleh 

PTM memadai untuk meningkat tahap kompetensi mereka?  

 

i)    Memadai    

ii)         Tidak memadai  
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7. Adakah telah wujud Pelan Pembangunan Kompetensi Data Saintis bagi Sektor 

Awam Malaysia? 

 

i)    Ada   

ii)   Tiada   

 

8. Menjelang tahun 2020, MDEC menyasarkan untuk melahirkan 1500 Data 

Saintis di Malaysia. Berdasarkan, data rasmi daripada pihak MDEC (2015), hanya 

terdapat 80 Data Saintis di Malaysia. Berapakah bilangan Data Saintis dari kalangan 

penjawat awam? 

 

          ______________ Orang Pegawai  

 

9. Pada pandangan YBrs. Dr/Tuan/Puan, adakah Pelan Pembangunan 

Kompetensi Data Saintis perlu dibangunkan sebagai panduan dan rujukan dalam 

meningkatkan tahap kompetensi PTM dalam bidang Big Data Analytic/Data 

Science? 

 

i)      Perlu   

 

ii)      Tidak Perlu   

 

 

 

10. Sekiranya perlu, apakah cadangan elemen-elemen yang perlu dimasukkan 

dalam Pelan Pembangunan Kompetensi Data Sainstis berkenaan?  

       

________________________________________________________________ 

      

________________________________________________________________ 

 

________________________________________________________________ 

- - - - - - - - - - - -Terima kasih di atas kerjasama YBrs Dr/Tuan/Puan - - - - - - - - - - -  
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Introduction  
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Section C 
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APPENDIX C 
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Introduction  

 

 



103 

 

Result Delphi 

Round 1 
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APPENDIX D 

RESEARCH SCHEDULE  

 


