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Unit 2.1 Decision making
Unit introduction
This unit investigates different approaches to decision making. It provides an understanding of the thinking
processes that underpin judgement and decision making, the decision biases that commonly arise and strategies
for improving decision making. A systematic decision making process is also outlined.

Unit objectives
At the end of this unit, you will be able to:





Differentiate between programmed and non-programmed decisions.
Understand the decision making process
Describe cognitive biases in decision making
Understand how to minimise cognitive bias in decision making
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2.1.1: Decision making
Decision making can be defined as the selection of a course of action from among alternatives. Decision making
takes place at all levels of the organisation and many decisions are made each day. Some decisions are small
and minor and can be completed quickly, whilst others are more complicated and require more detailed analysis.
We can distinguish between programmed and non-programmed decisions, a classification originally stated by
Herbert Simon. Programmed decisions are normal, every-day, predictable and can be reduced to decision rules,
whereas non-programmed decisions, in contrast, are rare, unpredictable and often they are not amenable to
experience and an organisations understanding of the world and consequently previously established decision
rules cannot be applied, see Table 1.
Table 1 Characteristics of programmed/non-programmed decisions adapted from Tiernan & Morley (2013)

Tiernan & Morley note that whilst programmed and non-programmed decisions are clearly distinguishable, they
represent a continuum from programmed to non-programmed, rather than being exclusive categories, with
many decisions containing elements of each category (2013).

Decision making process
In general, the decision making process helps us solve problems by examining alternative choices and deciding
on the best choice or route to take. Using a systematic approach is an efficient way to make thoughtful, informed
decisions that have a positive impact on the short- and long-term goals of the business. The business decision
making process is commonly divided into seven steps. These are illustrated and described in Figure 1 (Rational
decision making model after March and Simon).

Figure 1 Seven step decision making process
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Cognitive biases in decision making
When people make decisions, there is always the danger that they bring their own innate views, opinions and
cognitive biases to the data that they see. Biases in how we think can be major obstacles in any decision making
process. Biases distort and disrupt objective consideration by introducing influences into the decision making
process. We are usually unaware of the biases that can affect our judgment.
Liedtka (2015) carried out a review of the cognitive biases literature identifying several prominent and well‐
documented cognitive biases with negative consequences for decision making - particularly when innovation is
the goal. These included:
Availability Bias
Decision makers undervalue options that are more difficult for them to imagine and overvalue those which are
most familiar from their own experiences. Because the familiarity of an idea is likely to be inversely related to
its novelty, this leads to a preference for more incremental solutions.
Projection Bias
A tendency to project the present into the future (Loewenstein and Angner, 2003) results in predictions that are
too regressive and too biased toward the present. This projection of a decision makers past into attempts to
imagine a new future impedes the development of novel ideas as well as accurate assessment of their likelihood
of success.
The Planning Fallacy
Even when decision makers succeed at creating new ideas, they are overly optimistic about how well‐received
these ideas will be because of what Kahneman and Tversky (1979) term the ‘planning fallacy.’ This tendency
toward a rosy view of the future is well documented. In multiple studies, people routinely describe their pasts
as balanced and consisting of both positive and negative events, yet predict their futures as consisting of
overwhelmingly positive events. These views rarely include considerations of failures.
Hypothesis confirmation bias
This bias occurs when decision makers seek out evidence that confirms their previously held beliefs, while
discounting or diminishing the impact of evidence in support of differing conclusions. It is the tendency to search
for, prefer and use information that confirms a pre-existing view on something, where the desire to see our
preconceptions confirmed as reality can overwhelm our desire to make a decision based on facts or data.

How to minimise cognitive bias
Gather as much data as possible. The more decisions that are based on data the less they are based on ingrained
biases or power structures. Decisions can be difficult to make when we do not have enough data and/or not
enough experience. Decisions can also be challenging when we have conflicting values and priorities for the
outcomes of a decision. It is beneficial to seek out a mentor or credible source within your organisation someone that can provide you with perspective and guidance. They might have the data or experience that you
lack. Questioning your assumptions by working within as diverse a team as possible will help to keep you and
your teams’ biases in check.

Unit summary
The role of data is a critical facet of a successful decision making process. Successful organisations have
demonstrated that wise use of appropriate analysis of available data has helped them to improve their business
and take advantage of opportunities. As you have seen, decision making is simply a process of choosing from
among alternative solutions to resolve a problem and good data helps to generate viable alternatives for
effective decision making.
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Unit activities
Activity 1: Cognitive biases in decision making
Task Details
Post to the discussion form


Describe, with an example, a cognitive bias in decision making and explain how you might
minimise this bias.

Response
Respond to at least one individual detailing what you learned and how it can be applied to your
organisation and particularly for your workplace.

Unit self-assessment questions
Question 1
Outline the seven steps within the business decision making process.

Unit answers to self-assessment questions
Answer 1
The business decision making process is commonly divided into seven steps.
1.
2.
3.
4.
5.
6.
7.

Identify the decision
Gather the information
Develop alternatives
Evaluate the alternatives
Make the decision
Implement the solution
Review

Unit references
Kahneman, D., and A. Tversky (1979) Intuitive prediction: Biases and corrective procedures. Management
Science 12: 313–27.
Liedtka, J. (2015) Linking Design Thinking with Innovation Outcomes through Cognitive Bias Reduction. Journal
of Product Innovation management, 32(6), 925-938.
Loewenstein, G., and E. Angner (2003) Predicting and indulging changing preferences. In Time and decision:
Economic and psychological perspectives on intertemporal choice, ed. G. Loewenstein, D. Read, and R.
Baumeister, 12, 351–91. New York: Russell Sage Foundation.
March, J. G., & Simon, H. A. (1958). Organizations. Oxford: Wiley.
Tiernan, D. & Morley, M. (2013) Modern Management: Theory and Practice for Students in Ireland, 4 th Ed. Gill
Books.
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Unit 2.2 Gather data
Unit introduction
Gathering data is a process of collecting data from all of the relevant sources to find answers to the research
problem, test the hypothesis and evaluate the outcomes. This unit outlines the key considerations that may arise
during the data collection process. How data is gathered depends on many factors, including the context, the
purpose of the data collection and the nature and size of your organisation.

Unit objectives
At the end of this unit, you will be able to:






Describe the sources of data
Distinguish between different data types
Describe the qualitative tools and techniques of data collection
Describe the quantitative tools and techniques of data collection
Design a data collection plan and identify the steps involved in data collection
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2.2.1 Data collection
Research takes a systematic approach to the generation of knowledge and can be seen as a series of linked
activities moving from a beginning to an end, see Figure 2 for an illustration. In module 1 you worked through
and explored steps 1 through 4 of the research process. Your next step is to collect the data that you require.

Figure 2 Activities in the research process

Data Collection is the systematic approach to gather data from a variety of sources. Any data that you collect
should be rationally connected to the SMART objectives and goals as defined in your project proposal. The main
consideration is to make sure that any data collected is quality data and that it will shed light on the problem or
opportunity that you have identified. Effort must be made to collect accurate data. To ensure the accuracy of
data, you need to place a great amount of importance on how data is collected.
When collecting data, you need to be clear about the questions that you want the data to answer. Evans and
Lindsay (2005) suggest the following questions:






What questions are you trying to answer?
What type of data will you need to answer the questions?
Where can you find the data?
Who can provide the data?
How can you collect the data with minimum effort and minimum chance of error?

Sources of data
Data collection is the process of collecting data. Where the data comes from, i.e. the source of the data
determines whether it is either primary data or secondary data. Primary data is original in nature and directly
related to the opportunity, issue or problem. Primary data is that which is collected through various methods
like experiments, interviews, surveys, questionnaires etc. Secondary data is information that has been collected
by others and can be internal or external to the organisation. Internal secondary data consists of information
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gathered within your own organisation or workplace and may be contained in metrics, sales reports, machines,
on IT systems or other employees may have this information (e.g. Financial Statements; customer details;
Reports and feedback from a dealer, retailer, and distributor and the Management information system).
External secondary data consists of information gathered outside your organisation and may be contained in
benchmark reports, newspapers, research reports, market surveys, membership organisations or your
competitors, suppliers or customers may have this information.

Types of data
There exists a fundamental distinction between two types of data: qualitative and quantitative. The way we
typically define them, we call data 'quantitative' if it is in numerical form and 'qualitative' if it is not.
Qualitative data
Qualitative data deals with characteristics and descriptors that cannot be easily measured, but can be observed
subjectively—such as smells, tastes, textures, attractiveness, and colour and is often referred to as categorical
data. Typically, qualitative data is in the form of words, but may also include any information that is not
numerical in form, such as photographs, videos and sound recordings. Qualitative variables produce data that
can be categorised according to similarities or differences in kind, for example:
Type of Defect:

Blemish, Shrinkage, Flash, Cavities

Gender:

Male or Female

Quality of Service:

Excellent, Good, Fair, Poor

Colour of Cars:

Brown, Red, Yellow, Green, Blue

Quantitative data
Quantitative data deals with numbers and things, which can be measured objectively such as height, width,
length, temperature, prices, area, volume and duration. Quantitative data indicate how many or how much.
There are two types of quantitative data:



Discrete, if measuring how many
Continuous, if measuring how much

Quantitative variables are always numeric, for example:



Number of defective units in a batch
Weight of a package ready to be shipped

Notice that there are two different types of numerical data in the example given above. The number of defective
units in a batch can only have a whole number value; that is 0, 1, 2, etc. However, the weight of a package can
have any value and does not need to be a whole number; that is 1.45, 2.678, 3, 4.0987, etc.
A discrete variable can assume only a finite or countable number of values— that is, “How many?” A continuous
variable can assume any of an infinite number of values, not necessarily whole numbers but a number between
two whole numbers—that is decimals or fractions. A continuous variable measures “How much?
Data collection methods can be classified as either quantitative or qualitative. Qualitative approaches aim to
address the ‘how’ and ‘why’ and tend to use unstructured methods of data collection to fully explore the topic.
Qualitative methods include focus groups, group discussions and interviews. Quantitative approaches on the
other hand address the ‘what’ of the programme. They use a systematic standardised approach.
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2.2.2 Data collection methods
Data collection methods can be classified as either quantitative or qualitative. Qualitative approaches aim to
address the ‘how’ and ‘why’ and tend to use unstructured methods of data collection to fully explore the topic.
Qualitative methods include focus groups, group discussions and interviews. Quantitative approaches on the
other hand address the ‘what’ of the programme. They use a systematic standardised approach.

Qualitative data collection methods
Exploratory in nature, these methods are mainly concerned with gaining insights and understanding on
underlying reasons and motivations. These methods are also used to uncover trends in thought and opinions,
and dive deeper into the problem or topic. Four key qualitative data collection methods are presented here,
with their strengths and limitations described in Table 2 (adapted from Paradis et al, 2016).
Open-ended survey questions
Qualitative surveys ask open-ended questions and are ideal for documenting perceptions, attitudes, beliefs, or
knowledge within a clear, predetermined sample of individuals. They are a rich a tool for gathering rich
feedback. “Good” open-ended questions should be specific enough to yield coherent responses across
respondents, yet broad enough to invite a spectrum of answers. Qualitative surveys ask for comments, feedback,
suggestions and other responses. Qualitative survey data can be analysed using a range of techniques.
Open Interview
Interviews are used to gather information from individuals using a series of predetermined questions or a set of
interest areas. Interviews are often recorded and transcribed. They can be structured, semi-structured or
unstructured; they can either follow a tightly written script that mimics a survey or be inspired by a loose set of
questions that invite interviewees to express themselves more freely. Interviewers need to actively listen and
question, probe, and prompt further to collect richer data. Interviews are ideal when used to document
participants' accounts, perceptions of, or stories about attitudes toward and responses to certain situations or
phenomena. Interview data are often used to generate themes, theories, and models. Many research questions
that can be answered with surveys can also be answered through interviews, but interviews will generally yield
richer, more in-depth data than surveys. Interviews do, however, require more time and resources to conduct
and analyse.
Focus groups
Focus groups are used to gather information in a group setting, either through predetermined interview
questions that the moderator asks of participants in turn or through a script to stimulate group conversations.
Focus groups also allow researchers to capture participants' reactions to the comments and perspectives shared
by other participants, and are thus a way to capture similarities and differences in viewpoints. The number of
focus groups required will vary based on the questions asked and the number of different stakeholders involved.
The typical number of participants per focus group, to generate rich discussion while enabling all members to
speak, is 6 to 8 people.
Observations
Observation is a method of data collection through the observation of people in natural situations and settings.
Observations allow us to investigate and document what people do—their everyday behaviour—and to try to
understand why they do it, rather than focus on their own perceptions or recollections. There are different types
of observation including participant observation and non-participant observation. Participant observation is
when a researcher is involved in the activity that they are observing. For example, the researcher is a participant
in a training workshop, and they are observing something about that group. In non-participant observation, the
researcher is separate from the activity.
Information gathered using observation techniques differs from interviewing, because the observer does not
actively ask the respondent questions. Observed data can include everything from field research, where
someone lives in another context or culture for a period of time (participant observation), to photographs that
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show the interaction between service providers and service users (direct observation). The data can be recorded
in many of the same ways as interviews (taking notes, audio, video) and through pictures, photos or drawings.
Table 2 Strengths & limitations of qualitative data collection methods adapted from Paradis et al (2016)
Method

Strengths




Surveys (that
use openended
questions)





Larger number of participants
Can easily ensure anonymity to
participants
Can allow specific questions to be
addressed









Interviews


Participants can share their point of
view and stories using their own voice
Analysis can start as interviews are
still being conducted, and the data
gathering process refined to yield
higher-quality data.
The iterative process of interviewing
enables researchers to probe
participants on emerging topics.
Interviews are thus more flexible than
surveys.











Focus groups


Groups of participants are often more
helpful than individuals in providing a
rich, multidimensional perspective on
a situation.
They are bounded in time, and thus
less time-consuming than
observations.








Observations

Focus on actual behavior, rather than
recollections of behavior




Limitations
Requires skill to design survey questions that do
not bias participants
No follow up on responses in real time
Open-ended questions are often poorly and
unevenly answered and lack the richness of
interviews
Survey fatigue
Measures participants’ self-assessed behaviors
and attitudes, which are not always accurate
representations of their actual behaviors and
attitudes
Limited ability to interpret context/causality
Limited ability to adapt on the fly to arising issues
Complexity of participants and of communication
may lead to misunderstandings and
misinterpretation.
Only captures perceptions, self-assessed
behaviors, and attitudes, and may thus not be
accurate representations of actual behavior
Requires skill to conduct and analyse
Yields messier, larger amounts of data than
surveys
Can be expensive and time consuming
Certain participants may be unwilling to share in
public their experiences and thoughts.
Selection of participants is key to obtaining a
wide range of perspectives on the topic of
interest.
Requires skilled moderators, especially when
topics are controversial or when certain
personalities are difficult to manage (eg,
dominant or domineering personalities, silent
individuals, oppositional characters)
Transcription/note taking can be challenging. The
use of participants’ nonverbal communication as
data might be used for analysis. Whether this
data is collected should be determined ahead of
time.
Requires skill and time
Often perceived to be of low reliability and
generalizability because of its subjective nature:
the observer is the instrument of data collection
Often suggested that observers bias participants’
behavior
Limited insight into thoughts and beliefs that
shape behaviors, unless the observer makes an
effort to collect key informant/on-the-fly
interviews

Quantitative data collection methods
Quantitative data collection methods use measurable data to formulate facts and uncover patterns.
Quantitative methods are much more structured than qualitative data collection methods and include various
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forms of surveys – online surveys, paper surveys, mobile surveys, face-to-face interviews, telephone interviews,
longitudinal studies, online polls and systematic observations.
Quantitative Surveys/Questionnaires
The survey is the most commonly used quantitative research design. Surveys can take many forms where the
collection methods include questionnaires, interviews or a combination of these. Surveys often employ the
questionnaire as a tool for data collection. A survey of the entire population would be known as a census.
However, usually surveys are restricted to a representative sample of the potential group that the researcher is
interested in, for reasons of practicality and cost-effectiveness.
The main methods of collecting survey data include interviews and questionnaires and they are designed to
collect information from a small number of people to be representative of a larger number of people to be
studied. Surveys can be long or short. They can be conducted in person, by telephone, through the mail, or over
the Internet using internet-based programmes such as SurveyMonkey, or a combination. Questionnaires consist
of the same set of questions that are asked in the same order and in the same way in order that the same
information can be gathered.
Best practice in questionnaire design
 Use interval scales for questions, which may inadvertently identify respondents (e.g. age, experience
and salary).
 Never use technical jargon or acronyms that respondents may not understand.
 Never use double negatives: generally a good idea to avoid negatives in questions altogether.
 Never ask two questions at the same time!
 Keep questions specific.
 Do not bias or lead the respondent.
 Always pilot-test to determine completion times and uncover any hitherto unknown ambiguities,
repetition or misunderstandings: goal is always to maximise response rate.
 Never circulate a questionnaire in an open or uncontrollable group forum; circulate in a manner that
minimises bias.
 Never implement a questionnaire in an information vacuum: emphasise the need for and value of
respondent completion.
 Always provide a confidential mode of questionnaire return (hence, online surveying is often used).
 Never circulate on a Monday and to a lesser extent on a Friday.
 Use reminders if you need to but not too much pressure!
Quantitative interviews
Interviews may be used to gather quantitative data and can be conducted by phone, computer, or in person and
are a more personal form of research than questionnaires. The interview is more structured than when
gathering qualitative data, comprising of a prepared set of standard questions.
Quantitative observation
Data may be collected through systematic observation by, say, counting the number of users present and
currently accessing services in a specific area, or the number of services being used within a designated location.
Experiments
These methods involve manipulation of an independent variable, while maintaining varying degrees of control
over other variables, most likely the dependent ones. Usually, this is employed to obtain data that will be used
later on for analysis of relationships and correlations. Quantitative researches often make use of experiments
to gather data, and the examples of the types of experiments include laboratory experiments, field experiments,
natural experiments and Design of Experiments (DOE).

Summary & additional collection methods
A summary of primary data collection methods used within business, engineering and manufacturing
environments together with some generic techniques are outlined in Table 3.
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Table 3 Summary of primary data collection methods
Method

Details

More information

Survey

You might choose to survey partners, suppliers,
customers or employees on company issues.

http://gradnyc.com/wpcontent/uploads/2
012/08/GNYC_Academy_Workshop
3_Conducting Survey Research.pdf

Interview

You might choose to speak to partners, suppliers,
customers and employees about how to improve a
particular work process

http://www.comp.dit.ie/dgordon/Podcast
s/Interviews/chap15.pdf

Focus group

Focus groups allow you to interview or gather the
perspectives of multiple people at the same time.

http://www.ncbi.nlm.nih.gov/pmc/articles
/PMC2550365/pdf/bmj00603 0031.pdf

Design of
Experiments (DoE)

An experimental design that is a structured and
organized way of conducting and analysing controlled
tests to evaluate the factors that are affecting a
response variable.

https://www.jhuapl.edu/techdigest/td/td
2703/telford.pdf

Failure Mode &
Effect Analysis
(FMEA)

A structured approach to discovering potential failures
that may exist within the design of a product or
process.

https://videos.asq.org/quality-tool-fmea
http://people.ucalgary.ca/~design/engg25
1/First%20Year%20Files/fmea.pdf

Variation mode &
Effect Analysis
(VMEA)

Identifies the causes of variation within a process

https://www.chalmers.se/en/departments
/math/centres/gmmc/research
programme/riskreliabilityquality/Docume
nts/Johannesson.pdf

Control charts

Provides a means of identifying whether your process is
subject to variation

http://www.au.af.mil/au/awc/awcgate/na
vy/bpi_manual/mod10control.pdf ;
https://www.stat.auckland.ac.nz/~wild/Ch
anceEnc/Ch13.pdf

Process capability

Determines the ability of a process to satisfy customer
tolerance requirements.

https://www.youtube.com/watch?v=fo1C
T 0DZAsE

Performance
measurement/met
ric data

By identifying how your company is performing in
certain areas you will be able to see how you compare
to your competitors or identify areas for improvement.
It also helps you to determine if there is a correlation
between an event that occurred and a change in your
business performance

https://www.businessballs.com/dtiresourc
es/performance_measurement_managem
ent.pdf
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Break even analysis

This technique allows you to identify how much you
need to sell in order to break even

https://www.youtube.com/watch?v=CsI2q
3TWvaU

Process analysis

Using flow charts and other techniques to graphically
display a process to understand issues
associated with it

http://www.businessballs.com/business
process modelling.htm

Bottle neck analysis

This allows a company to understand what parts of
their process are causing delays

Pareto charts

This technique uses pareto analysis and principle
(known as the 80:20 rule) to allow you to do 20% of
work to attain 80% of the benefit.

https://mosimtec.com/insights/5insightful-bottleneck-analysis-examples/
http://itech.fgcu.edu/faculty/aruiztor/dw/
bottlenecks.doc

https://www.exceleasy.com/examples/pareto-chart.html

A data collection plan
The main reason behind the data collection plan is to provide a focused approach to data collection for any given
study or project. It is a framework for describing what type of data to collect, how to gather it, when, and by
whom. A data collection plan helps to ensure that data collected during a project is useful and appropriately
collected, see Figure 3 for an example of a data collection plan template.
When designing a data collection plan, you need to develop operational definitions for all the measures you will
be using. Your data needs to be well defined and clearly understood. Evans and Lindsay (2005, p.97) explain 10
important guidelines for data collection as suggested by the Juran Institute. These are:
1.
2.
3.
4.
5.
6.
7.
8.
9.

Formulate good questions that relate to the information needs of the project.
Use appropriate data analysis tools and ensure the necessary data are being collected.
Define comprehensive data collection points to cause minimum disruption to the work being carried out.
Select an unbiased collector who has the easiest and most immediate access to the relevant facts.
Understand the environment and make sure data collectors have appropriate experience.
Design simple data collection forms.
Prepare instructions for collecting the data.
Test the data collection forms and the instructions and make sure the forms are properly completed.
Train the data collectors about the purpose of the study, what the data will be used for, how to fill out the
forms, and the importance of remaining unbiased.
10. Audit the data collection process and validate the results.
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Figure 3 Data collection plan template
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Unit summary
This unit outlined the key considerations that may arise during the data collection process. How data is gathered
depends on many factors, including the context, the purpose of the data collection and the nature and size of
your organisation. This unit outlined the major methods of data collection, i.e. qualitative and quantitative. This
unit also detailed a data collection plan and provided a guide to data collection.

Unit activities
Activity 1: Focus groups
Purpose
To get you thinking about your data collection and to familiarise yourself with the focus group method
of data collection.
Task
Watch this youtube video, link below, which relates to focus groups produced by Richard Kreuger of
the University of Minnesota. Put together a list of three useful techniques or tips and describe why you
thought they were particularly effective and post these to the discussion forum.
https://www.youtube.com/watch?v=xjHZsEcSqwo

Unit supplementary resources
Link 1: Research Methods Knowledge Base
Details
This is a comprehensive web-based textbook that addresses all of the topics in a typical introductory
undergraduate or graduate course in social research methods. It covers the entire research process
including: formulating research questions; sampling (probability and nonprobability); measurement
(surveys, scaling, qualitative, unobtrusive); research design (experimental and quasi-experimental);
data analysis; and, writing the research paper.
Citation
Trochim, William M. (2006) The Research Methods Knowledge Base, 2nd Edition.
http://www.socialresearchmethods.net/kb/index.php.
The Link
http://www.socialresearchmethods.net/kb/index.php

Unit references
Ackoff, R.L. (1989). From data to wisdom. Journal of applied systems analysis Vol. 15 pp 3-9.
Evans, J. R. & Lindsay, W.M. (2005). An Introduction to Six Sigma & Process Improvement. Thomsom
Southwestern
Paradis, E., O'Brien, B., Nimmon, L., Bandiera, G., & Martimianakis, M. A. (2016). Design: Selection of Data
Collection Methods. Journal of graduate medical education, 8(2), 263–264.
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Unit 2.3 Analyse Data
Unit introduction
Analysis of data and developing new business ideas by using findings from data analysis is important. Firstly, a
business must have access to data. Generally, the data are driven from various resources (Text, video, audio
etc.). It may stem from internal resources, which are collected within the company through instruments,
machines, sensors or internal surveys. There may be other external resources as well: social media, official
statistics or commercial resources.
Once data is collected you need to be able to organise and present it in a clear and understandable format. In
this unit, you will learn how to present data using tables and charts. The focus will be on the presentation and
interpretation of the data. What is the best way to organise, analyse and present the data? What does the data
tell you? Finally, this unit introduces the concept of big data analytics and the many big data tools that are
available.

Unit objectives
At the end of this unit, you will be able to:









Recognise the different scales of measurement
Distinguish between a population and a sample
Understand the elements to consider in data management
Create tables for qualitative and quantitative data
Present qualitative and quantitative data graphically; and interpret graphs and charts
Explain the key measures of location, variation and relative standing
Describe the 6 phase process for qualitative analysis
Characterise various data analysis tools
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2.3.1: Managing data
Levels of Measurement
Distinguishing between qualitative and quantitative data will always be your starting point when analysing a
data set. However, you then need to look at the data in more detail and identify the scale of measurement. The
scale of measurement determines the amount of information contained in the data. It also indicates the data
summarisation and statistical analyses that are most appropriate.
Scales of measurement include the:





Nominal scale
Ordinal scale
Interval scale
Ratio scale

Nominal scale
With the nominal scale, data are labels or names (qualitative) used to identify an attribute of the element.
For example, the type of defects in the injection moulding process can be categorised as:





Cavities
Blemishes
Shrinkages
Flash

Another name for nominal data is categorical data, referring to the fact that the measurements place objects
into categories (male or female; pass or fail) rather than measuring some intrinsic quality of them. Alternatively,
a numeric code could be used to represent the defects. For example:





1 = Cavities
2 = Blemishes
3 = Shrinkages
4 = Flash

Codes are used where you might want to enter the data into a computer for further analysis.
Ordinal Scale
With the ordinal scale, the data have the properties of nominal data (qualitative nominal scale). The order or
rank of the data is also meaningful and will be considered in your analysis. A non-numeric label or numeric code
can be used. For example:
What is the degree of shrinkage?






Insignificant
Minor
Moderate
Significant
Critical

Whatever the answer, it is still just a word—that is, a non-numeric label—but it gives you more information
about the particular defect. Each defective unit is ranked by its degree of shrinkage.
Alternatively, a numeric code could be used for the response variables. For example:




1 = Insignificant
2 = Minor
3 = Moderate
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4 = Significant
5 = Critical

A higher numeric code indicates a more serious level of shrinkage.
Interval Scale
Interval data are always numeric (quantitative). The data have the properties of ordinal data in that they can be
categorised and ranked if necessary. The interval between observations is expressed in terms of a fixed unit of
measure. This means that you never use comparative terms like “half as hot” or “3 times hotter”. You always
deal with a fixed amount when comparing two values. The interval scale is best explained using an example.
Example
At shift changeover in an injection moulding plant, the barrel temperature is approximately 150 °C. During
production, the barrel temperature is approximately 450°C. This means that the temperature in the barrel is 300
degrees hotter than when the machine is idle during shift changeover. It does not mean that the temperature
in the barrel is 3 times as hot during production. This is due to the fact that 0 °C does not mean that there is no
temperature—it is just another measure of temperature.
Temperature is one of the best examples of an interval scale. IQ (Intelligence Quota) is another. A person with
an IQ of 150 is not 1.5 times smarter than a person with an IQ of 100. They just have an IQ that is 50 points
higher on the IQ scale.
Ratio Scale
The ratio scale is the most common scale associated with quantitative data and the one you will be using most
in this unit. The data have all the properties of nominal and interval data, but the ratio of two values is
meaningful. The ratio means that you can compare two values relative to each other using phrases like “twice
as heavy” or “half the time taken”. Variables such as distance, height, weight, and time use the ratio scale.
This scale must contain a zero value, indicating that nothing exists for the variable at the zero point. For example,
the weight of different units can be compared as a ratio of one to the other—that is, one unit is twice as heavy
as another.

The Population and the Sample
In statistics, one of the most basic but important concepts is sampling. In most statistical problems, a specified
number of measurements or data, called a sample, is drawn from a much larger body of measurements, called
a population. You need to be able to distinguish between the set of objects from which the measurements are
taken and the measurements themselves.
The words sample and population have their own meanings in everyday life. Population is usually associated
with people—the population of a country or town. A sample from a population would be a group of people.
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Figure 4 Population and sample

For example, you read in a newspaper that an opinion poll conducted about marketing preferences in France
was based on a sample of 1,000 people. Presumably, each person interviewed was asked the same question and
each person’s response represents a single measurement in the sample.
Is the sample the 1,000 people or is it the 1,000 responses that they give? The everyday use of the word
population might lead you to assume that the population here is all people from France and the sample is the
1,000 people who responded. In fact, the population is the opinions of all the people in France and the sample
is the 1,000 responses.
Which is of primary interest, the sample or the population? In most cases, you are interested primarily in the
population, but the population can be difficult or impossible to enumerate. If you were the quality control person
on a production line, imagine how difficult and time consuming it would be if you had to inspect every unit
produced. Instead, you might try to describe or predict the percentage of defective units based on information
obtained from a representative sample of that population.
What is a representative sample?
A representative sample is a group that closely matches the characteristics of its population as a whole. In other
words, the sample is an accurate reflection of the population from which the sample is drawn.
For example in a marketing survey a representative sample is important as this ensures that all relevant types
of people are included in your sample and that the right mix of people are interviewed. If your sample is not
representative then it will be subject to bias, where certain groups may be over-represented and their opinions
magnified while others may be under-represented.
What is sampling?
The process of selecting a sample is known as sampling and the number of elements in the sample is the sample
size. To illustrate sampling, consider a loaf of bread. How good is the bread? To find out, is it necessary to eat
the whole loaf? No, of course not. To make a judgment about the entire loaf, it is necessary only to taste a
sample of the loaf, such as a slice. In this case the loaf of bread being studied is known as the population of the
study. The sample, the slice of bread, is a subset or a part of the population.
The two high-level sampling strategies, or approaches, are:



Probability sampling
Non-probability sampling
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The difference between them is whether the sample is selected randomly or not. When selected randomly,
every element gets an equal chance to be chosen as part of the sample.
Probability (random) sampling
This sampling technique is random and every element of the population gets an equal chance to be part of the
selected sample.
Non-probability (non-random) sampling
This sampling technique is not random and relies on the judgement of the researcher to select elements for a
sample.

Structured, unstructured and semi-structured data
For the analysis of data, it is important to understand that there are three common types of data structures:
structured, unstructured and semi-structured.
Structured Data
Structured data is data that is consistent and easily defined, it adheres to a pre-defined data model and is
therefore straightforward to analyse. Structured data conforms to a tabular format with relationship between
the different rows and columns. Common examples of structured data are Excel files. Each of these have
structured rows and columns that can be sorted. Examples of structured data include date of birth, name and
address.
Unstructured Data
Unstructured data is information that is not organised in a pre-defined manner. Common examples of
unstructured data include textual data, audio, video and image files. An example of unstructured data would
be the emotional responses in marketing research.
Semi-structured Data
Semi-structured data is a form of structured data that does not conform with the formal structure of data models
associated with relational databases or other forms of data tables, but nonetheless contain tags or other markers
to separate semantic elements and enforce hierarchies of records and fields within the data. Semi-structured
data: can be “tagged” to a certain degree but is often user defined or organisation specific. Examples of semistructure data include post-project “lessons-learnt” interviews and reports.

Data management
Data by nature is messy and seldom does a data file arrive in perfect shape and ready for analysis (Boslaugh &
Watters, 2008). The quality of analysis depends on the quality of the data, enshrined in the phrase “rubbish in,
rubbish out”. In its Guide to Research Data Management, the DRI outlines elements to consider during data
management, the full guide is available on the DRI website1 and some key elements are reproduced here:
File structure and file names
Once your research gets underway, you may quickly accumulate a large volume of data and may have multiple
files in different formats and versions. If you are trying to find a data file that you need, especially if it's been
named inaccurately or inconsistently, it can both exasperating and a substantial waste of research time. Good
file management practices are required to help you identify, locate, and use your data effectively.
Versioning
It is important to consistently identify and distinguish the versions of research data files. This ensures that a clear
audit trail exists for tracking the development of a data file and identifying earlier versions when needed.

1

https://www.dri.ie/research-data-management-plans
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Storage
If data loss occurs, recovery may be slow, costly, or not possible. It is critically important to store and back up
your data securely. Personal computers and laptops should not be used for storing master datasets, and external
storage devices are not recommended for the long-term storage of data, particularly master copies. It's also
important to think about how much storage you'll require and plan for that from the outset. Also think about
who will need access to your data and what that means in terms of where the data are stored.
Security
You will need to identify the means and mechanisms you will use for collecting, processing and storing your
research data. For data that are particularly sensitive, this includes but is not limited to:



The protection of research subjects from harm that might result from unintended disclosure or
inappropriate use of confidential data
Upholding the researcher’s assurance of confidentiality

Personal data/confidential information
If the research project will generate data that includes confidential information or information that requires
informed consent, you will need to consider how personal or confidential data will be protected during the
project.
Informed consent
Consent procedures should be tailored for the specific research context, methods and sample, the nature of the
data (personal, sensitive, level of detail), the format of the data (surveys, written, recordings) and planned data
uses and handling. This will influence the type of consent and consent process used. The consent form should
be written in plain language and free from jargon allowing the participant to respond clearly. Consent forms
should be kept for as long as the research data are retained (during the active phase of the project and when
the data are archived for long-term preservation).
Research ethics & GDPR
Are there ethical or legal reasons why you cannot share the data? For example, did you tell the interviewees
that the data would be anonymised and shared and in this regard remember there are extra responsibilities
under the European Union's General Data Protection Requirements (GDPR). GDPR lays out the rules of data
capture, storage, usage, and sharing for companies, and stiff penalties for those that fail to comply.
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2.3.2 Visualising data
Raw data needs to be organised, summarised and visualised in order to turn it into information. Common ways
of summarising data are to calculate means, standard deviations and other statistical measures. Graphs and
charts provide a way of visualising and communicating information.
After you have collected data, or data has been collected and given to you for analysis, you need to organise the
data and summarise it to show the following information:



What values of the variable have been measured?
How often has each value occurred?

To describe a set of data, you can construct a distribution table that you can then use to display the data
graphically as a data distribution. A data distribution illustrates how the variables are distributed across the data
set. The type of graph you choose to illustrate the data distribution depends on the type of variable you have
measured— that is, whether the data collected is categorical or quantitative.

Categorical data
When data are categorical, the frequency table will consist of a list of categories, along with a measure of how
often each occurs.

You can measure how often each occurs using the following methods:
•
The frequency, or number of measurements in each category
•
The relative frequency, or proportion of measurements in each category
•
The percentage of measurements in each category

Relative frequency =

𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦
𝑛

Where n is the number of data values

If you perform the calculations correctly, you will find that:




The sum2 of the frequencies is always equal to n.
The sum of the relative frequencies is 1.
The sum of the percentages is 100%.

You must choose the categories so that each measurement belongs to one, and only one, category. For example,
categorising the types of defects from an injection moulding process might have these categories: Flash;
Blemishes; Cavities; Shrinkages; and Other.
To rank defects within a particular category, you might use: Insignificant; Minor; Moderate; Significant; Critical;
and Other. The Other category is included in both cases to allow for the possibility that the measurement might
not fit into one of the earlier categories. Once the measurements have been categorised and summarised in a
distribution table, you can use either a bar graph or a pie chart to display the categorical data.
Example
On an evening shift at an injection moulding plant, a sample of 30 units was taken at random from a production
line. These were tested, coded (given a numerical code), and recorded (see Table 4). A completed relative
frequency table (Table 5) a bar chart (Figure 5) and a pie chart (Figure 6) representing this raw data are provided
together with their interpretation.
Toolkit 1 in the supplementary resources section of this module provides a video that shows you how-to
produce these tables and charts using excel.

2

The sum means “when you add them all together”
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Table 4 Raw sample data

Table 5 Relative frequency table

Figure 5 Bar chart
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Figure 6 Pie chart

Interpreting categorical data
The data as presented in Table 4 is known as raw data. The codes are used to speed up data entry as it would
otherwise take time to spell out the words. As you can see, it would be quite difficult to make any conclusions
from the raw data; however, the frequency table presented in Table 5 instantly gives much more information.
The frequency table is a descriptive summary of the data. The first column tells you the type of defect. The
second column gives the frequency, or count. For example, 7 of the units had blemishes, whereas 10 of the units
had no defect. The third column gives the relative frequency. This is the frequency relative to the total number
of units checked. The fourth column in the table gives the same information as the third column, but in the form
of a percentage. You can see that, of the 30 units checked, 20% had shrinkage.
The bar chart gives an instant picture of the frequency (counts) of the different types of defects. Comparing the
heights of the bars tells you which type of defect occurred most often and which occurred least often. For
example, in Figure 5, you can clearly see that units having no defects occurred most often and, of the units that
were defective, the least number had flash as a defect.
The pie chart gives you more information in an instant picture. It not only tells you the frequency, but also the
proportion of the total number of units that had a particular defect. The size of the sectors (think of a slice of
pie) is directly proportional to the proportion of defects.
If the data in our example had come from the total population, then the relative frequencies could be used as
historical data to predict or give the probability of the same event occurring again. For example, suppose every
unit on the line was checked and it was found that 23% had some form of blemish. You could then say that the
probability that a unit produced during that shift would have some form of blemish was 0.23 or 23%—that is,
assuming the process did not improve.

Quantitative data
Quantitative data have numeric values, but you can also get a frequency distribution for this type of data.
However, it requires a bit more work since the data is numeric.
Instead of having words like Blemish or Cavity, you can have all the measurements between 2.03 and 3.07. How
do you group these data? To group measurements of quantitative data:
1.

Calculate the range of the data—that is, the largest value to the smallest value.
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2.
3.
4.

Divide the range into a number of intervals, called class intervals. As a rule of thumb, the number of
intervals should be between 5 and 20.
As each interval must be the same width and the width is directly related to the number of class intervals,
calculate the width of the interval by dividing the range by the number of class intervals.
Count the number of measurements for each interval.

The number of class intervals and the width of each interval are essentially arbitrary. Only two rules apply in
grouping data: firstly, class intervals must be mutually exclusive (i.e. a measurement belongs to one and only
one class interval) and secondly class intervals must be all inclusive (i.e. each measurement has a class interval
to which it can be assigned).
A cumulative frequency distribution shows the number of data items with a value less than or equal to the upper
limit for each class interval. A cumulative relative frequency distribution shows the fraction or proportion of
items with a value less than or equal to the upper limit for each class interval.
Once the measurements have been categorised and summarised in a statistical table, you can create a histogram
to display the distribution of the quantitative data or a time series graph to look for patterns over a time period.
Creating a statistical table and calculating class intervals by hand can be slow and prone to error. For this reason,
it is easier to use Excel to create a histogram of the data and read the class intervals from the histogram. You
can also create a percent histogram to get the relative frequencies.
Example
A second example, taken from an injection moulding process, will be used to demonstrate how to perform the
class width calculations and create charts. You will begin by looking at the finished statistical table and charts
and interpreting these. Then, you will be shown how to create these in excel.
The production manager in an injection moulding plant is concerned about the variation in the internal diameter
lengths of cogs for a domestic blender. He fears that the problem is due to shrinkage. He gets his line technician
to:
1.
2.
3.
4.

Select 30 units from the line at equal time intervals.
Measure each unit and place them in 5 equal measurement intervals.
Construct a statistical table that summarises the data, showing the frequency, relative frequency,
cumulative frequency, and cumulative relative frequency for each measurement interval.
Analyse the data to determine whether there is a specific defect trend in the process.

The raw data contains the measurements for the 30 units, in the order in which they were chosen (Table 6). A
histogram (Figure 7), a percent histogram (Figure 8), a statistical table (Table 7), and a time series plot (Figure 9)
representing this raw data are provided together with their interpretation hereunder.
Toolkit 2 in the supplementary resources section of this module provides a video that shows you how-to
produce these tables and charts using excel.
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Table 6 Raw data

The data was entered into excel and the following descriptive statistics were produced.

Figure 7 Histogram of measurements

Figure 8 Percent histogram of measurements
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Table 7 Statistical table for quantitative data

Figure 9 Time series plot of measurements

Interpreting the histograms
Two types of histogram were used in this descriptive analysis. The first, shown in Figure 7, uses the frequencies
or counts to create the bins (bars). It gives an instant visual image of how the measurements are distributed
across the range of measurements taken. The bins represent the 5 equal intervals. The second type of histogram,
shown in Figure 8, is a percent histogram. Both give the same visual image but, in this histogram, the bins
represent the proportion or percentage of measurements in each interval. The type of histogram used will
depend on the analysis and what information is required. The information from both histograms was used to
create the statistical table.
Interpreting the statistical table
The first column tells you the measurement interval. All values in the interval are less than the upper limit and
greater than or equal to the lower limit for each interval.
The second column gives the frequency or count; for example, 9 of the measurements were in the 3.01 to 3.056
interval, whereas 8 were in the 3.148 to 3.194 interval.
The third column gives the relative frequency. This is the frequency relative to the total number of
measurements which can be expressed as a decimal or percentage. For example, 0.267 or 26.7% of the
measurements were in the 3.148 to 3.194 interval. You could also express this as a probability. For example, if
one of the measurements from the 30 was picked at random, there is a 10.0% chance that measurement would
be in the 3.102 to 3.148 interval.
The cumulative frequency in the fourth column tells you the number of measurements that are less than the
upper limit for that row. For example, 17 of the measurements were less than 3.148 or 14 of the measurements
were less than 3.102.
The relative cumulative frequency in the last column tells you the proportion, or percentage, of measurements
less than the upper limit for that interval. For example, the proportion of measurements less than 3.148 is 0.567
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or 56.7 %. You could also express this as a probability—that is, if you were to choose a measurement at random
from the 30 measurements, there is a 43.7 % chance that this measurement would be less than 3.102.
Interpreting the time series plot
The time series plot in Figure 9 shows you the variation in measurements over a time period. The units in the
example were chosen at regular time intervals during production. The time series plot detects a trend. As you
can see from the data, the process seems to be drifting.
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2.3.3 Analysing data
As you have seen qualitative and quantitative data analysis provide their own value and have features that can
contribute to the research results of each other and enrich the research results.

Quantitative data analysis
Analysing numeric information produces results from data. Interpreting data through analysis is key to
communicating results to stakeholders. The type of analysis depends on the research design, the types of
variables, and the distribution of the data. This section will focus on the analysis of quantitative data.
Up until now, you have used tabular and graphical methods to summarise data. These methods are good as
visual aids but you can also use numerical methods to describe data. When describing a set of data numerically,
you highlight key values. This gives you much more information than a graph or a chart.
The key numerical values are:







Sample size
Measures of centrality
Measures of variability
Measures of relative standing
Five-number summary and the box plot
Measure of association

Sample Size
When you are asked to analyse data, it is most likely that you will be interested in more than one characteristic
of each experimental unit in your sample. You may not always be able to get all the information that you require.
In other words, you may have what are known as missing values when you come to do your analysis.
If you have a very large sample size, this introduces the risk of human error, which often leads to incorrect data
entry. You can also encounter extreme measurements—known as outliers—that you might want to omit from
your analysis. For these reasons, it is very important that you first check your sample size to ensure that you are
aware of any irregularities. The mathematical symbol that is used in statistics to represent sample size is the
small letter “n”. Consider the following example of a series of durations (in days) of sick leave.
Table 8 Number of days absent from work

The sample size here is 20, or n = 20.
Measures of centrality
The following are measures of centrality:




Arithmetic mean
Median
Mode

Arithmetic mean
The arithmetic mean— usually referred to as the mean or average—of a set of
measurements is probably the most familiar measure of centrality. It is equal to the
sum of the measurements divided by the total number of measurements. You
previously learned to distinguish between a population and a sample. When dealing
with the mean, it is also important to distinguish between the population mean
denoted by the Greek symbol μ (pronounced mu) and the sample mean x with a bar
over it (pronounced x-bar). It is very rare that you will know the population mean or
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be able to calculate it, so most of the time you will be dealing with the sample mean
and using it to estimate the value of the population mean.
Median
The median is the value in the middle of a data set, when the data items are arranged
in ascending or descending order. If you have an odd number of items in the data set,
𝑛+1
the median is the value in the middle position. If you have an even number of items
Median =
2
in the data set, the median is the average of the two values in the middle. There is,
however, a formula that you can use to find the position of the median. If, when you Where n is the number of data
apply this formula, you get a whole number, then this is the position of the median in values
the data set. If you do not get a whole number, then the median is the average of the
values on either side of this number.
Mode
The mode is the most frequently occurring value in the data set. If two different values occur most often and an
equal number of times, then the data set has two modes and is said to be bimodal. If the data set has more than
two modes, the data set is said to be multimodal. The data in Table 8 is bimodal as both the values 4 and 6
occur four times each.
Comparing measures of centrality
The mode is generally used to describe large data sets, whereas the mean and the median are used for both
large and small data sets. It is also common practice to use the mean or the median to describe the centre of
your distribution. How do you decide which one to use?
Consider the following example of some measurements taken from an injection moulding process:
Measurements:
 3.02
 3.06
 3.08
 3.1
 3.12

Mean: 3.076
Median: 3.08

Now, change the number 3.12 to 31.2—this is typical of a data entry error. What happens to the measures of
centrality?
Measurements:
 3.02
 3.06
 3.08
 3.1
 31.2

Mean: 8.692
Median: 3.08

You can see from this example that the mean is sensitive to extreme values, whereas the median is unaffected.
Extreme values are known as outliers and can cause the data set to be skewed.





If your distribution is asymmetric—that is, skewed—you use the median as your measure of centrality
because it is unaffected by extreme values.
When you have a left-skewed distribution (the majority of measurements are to the right of the mean
when the data are in order), the mean is less than the median.
When you have a right-skewed distribution (the majority of measurements are to the left of the mean
when the data are in order), the mean is greater than the median.
If your distribution is symmetric, this means that the mean, the median, and the mode are all equal.

A histogram can be used to check if the data is skewed or not. A histogram of the data from Table 8 is shown
here (Figure 10):
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Figure 10 Histogram of days absent data as Table 8

As you can see, the majority of the data values are between 0 and 10. The data is skewed to the right because
the mean is 10.25. Due to the extreme values, 38 and 80, the median, 5, is the best measure of centrality to use
here. It is more representative of the majority of the data.
Measures of variability
Measures of variability are used to measure how spread out, or scattered, the data are. The main measures of
variability are:





Range
Population or sample variance
Population or sample standard deviation
Interquartile range

Range
The range of a data set is the simplest measure of variation. It is the difference between the largest value and
the smallest value. Since it is calculated using only two values, it gives you no information about the data
between these two values and, therefore, conveys the least information. The range for the data set from Table
8 is 79. That is the difference between the smallest and the largest value.
Variance & standard deviation
The variance is a measure of dispersion that uses all the data values. It is based on the
difference between each data value and the mean. It can only be used with the mean
since it measures the degree to which the data are closely packed about the mean. If
the data are tightly clustered about the mean, the variance will be relatively small. If
the data are widely scattered about the mean, the variance will be relatively large. The
smaller the variance, the more the mean value is indicative of the whole dataset.
The standard deviation is the square root of the variance. It is often preferred over the
variance as a descriptive measure because it is in the same units as the raw data. You
need to be able to differentiate between population variance and standard deviation,
and sample variance and standard deviation. The Greek letter σ (pronounced sigma) is
used to denote the population standard deviation so σ2 is used for the population
variance. The letter s is used to denote the sample standard deviation and so s2 is the
sample variance. The formulae for calculating the variance and hence the standard
deviation are pretty much the same for both population and sample. However, as was
the case with the population mean, it is unlikely that you will be able to calculate
population variances. The standard deviation is simply the square root of the variance
and the sample variance.
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Interquartile Range
The interquartile range (IQR) is a measure of variability that is commonly used for skewed data. The IQR contains
the middle 50% of the data when the data is in order.
Measures of relative standing
When you are analysing a set of measurements, it is often important to know where a particular measurement
stands relative to the other measurements in the data set.
Z-Scores
One way to measure relative standing is to use the mean and the standard deviation
𝑥 − 𝑥̅
to find in terms of units of standard deviation, how far away from the mean the
𝑧=
𝜎
measurement is. This is called calculating a z-score. To calculate a z-score, you
subtract the mean from the measurement and divide by the standard deviation.
Percentiles
A percentile is another measure of relative standing and is most often used for large data sets—percentiles are
not very useful for small data sets. If you have a set of data items arranged in ascending order, then the p th
percentile is the value that exceeds p% of the values. For instance, the 90th percentile would be the value that
has 10% of the data set greater than it and 90% of the data set less than it.
A typical real-life example of the use of percentiles is in exam scores. For example, an entry qualification to a
school or college may be that the pupil has achieved a mark that places them in the 90th percentile. This means
that they are in the top 10%.
The percentiles that divide the data into four quarters, or quartiles, are:




25th percentile, or lower quartile - usually known as Q1
50th percentile, or median - usually known as Q2
75th percentile, or upper quartile - usually known as Q3

The IQR mentioned earlier is the difference between Q3 and Q1. You will be using these quartiles in the next
section when you learn to create a box plot.
Five-number summary and the box plot
The five-number summary consists of the smallest value, the lower quartile, the median, the upper quartile, and
the largest value presented in ascending order.






Minimum
Q1
Median
Q3
Maximum

A quarter of the measurements in the data set lie between each of the four adjacent pairs of values. The fivenumber summary can be used to create a simple graph called a box plot to visually describe the data distribution.
From the box plot, you can quickly detect any skewing in the shape of the distribution and see whether there
are any outliers in the data set. An outlier can be caused by human error when entering the data or by
malfunctioning equipment. However, outliers can also be valid measurements and, for this reason, it is necessary
to isolate them as soon as possible in the analysis. The box plot is designed for this purpose.
The box plot in Figure 11 illustrates the key features of a box plot.
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Figure 11 Box plot

Outliers
The first feature that you look for when analysing a box plot is the presence of outliers. Outliers are extreme
values and can greatly influence your analysis. For that reason, you should check your data and ensure that you
entered it correctly. You also have the option of removing the outliers, making a note that you have removed
them, and presenting your analysis without them.
Skewed Data
The second feature is the degree of skewness. As you learned earlier, the quartiles divide the data into four
sections, each containing 25% of the measurements. You are interested in how spread out or tightly packed the
data are. The length of the whiskers and the position of the median in the box tell you this. Notice that 25% of
the values in the box plot are less than Q1 and this includes the outliers.
IQR
The third feature is the variance about the median. The IQR is the middle 50% of the data. When you are dealing
with skewed data, the IQR is the most reliable measure of variation. Outliers affect the mean, making it an
unrealistic measure of centre.
Maximum and Minimum Values
Note also that the maximum and minimum values in a box plot are the largest and smallest values inside the
fences. The whiskers extend to these values.
The most common use of box plots is when comparing two sets of data on the same scale. For now, it is
important that you are clear what a box plot tells you about the distribution of data and what measure of centre
and variability are most appropriate based on the distribution.
A completed box plot (using the data from Table 8) is shown in Figure 12. As you can see, the box plot highlights
the two outliers and also shows that the data is skewed to the right. This supports the earlier conclusions based
on the histogram and the difference between the median and the mean.
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Figure 12 Box plot for the Data in Table 8

Example
An article in an engineering journal presents viscosity data from a batch chemical process. A sample of these
data is presented in Table 9.
Table 9 Raw viscosity data

The raw viscosity data was entered into excel and numerical descriptive statistics and a box plot were generated,
these are illustrated in Table 10 and Figure 13 respectively.
Toolkit 3 in the supplementary resources section of this module provides a video that shows you how-to
produce descriptive statistics and a box plot in excel.
Table 10 Descriptive statistics viscosity
Column1
Mean
Standard Error
Median
Mode
Standard Deviation
Sample Variance
Kurtosis
Skewness
Range
Minimum
Maximum
Sum
Count

14.795
0.137279
14.8
15.3
0.868228
0.753821
-0.35241
0.222237
3.6
13.3
16.9
591.8
40
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Figure 13 Box plot of Viscosity

Interpretation
As you can see in Table 10, Excel generates all the key numerical values. Your task is to interpret these values
and present a brief report saying what each value tells you about the data. The box plot is a visual image that
you can use to back up your analysis.
The count in this example means the number of measurements entered into Excel. In this case, there are 40
values. At this stage, you know that you have entered all the data and a quick look at the box plot tells you that
there are no outliers. Therefore, you can assume that the data was entered correctly.
The next values you look at are the measures of centrality. In this case, the mean is 14.795 and the median is
14.800. These values are close, which again confirms the lack of outliers in the data. There is a slight skewness.
You can see from the box plot that the median is not at the exact centre—it is slightly greater than the mean.
The unequal length of the whiskers is causing this effect. Because the measures of centre are close, the mean is
the preferred measure of centre and the standard deviation of 0.868 is the preferred measure of variability. In
statistical analysis, the mean should always be chosen first if the data allows you to choose it; that is, if the data
is not skewed.
Measure of association
Up until now, we have only considered descriptive statistics for a single variable. However, what if we have two
variables and we are interest in whether or not they are associated. In other words, if one variable goes up does
the other go up with it?
Correlation
The word correlation is used to describe the relationship between two or more variables. For instance, is there
a relationship between parents IQ and children's IQ? Correlation is used to test relationships between
quantitative variables or categorical variables, it is a measure of how things are related.
It is important not to confuse correlation with cause and effect. Just because two events happen together does
not mean that one has caused the other. People often assume that events that are closely connected are
somehow connected causally. Even if two variables are legitimately correlated, there is not necessarily any
particular causal relationship between them. A causal connection can be determined through designed
experiments.
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Scatterplot
A scatter diagram is a tool for determining if there is a relationship between two variables. To draw a scatter
diagram, you plot one variable on the X-axis and the other on the Y-axis. The pattern of the intersecting points
shows the type of relationship between the two variables. A scatterplot is a two dimensional plot showing the
(X,Y) value for each observation. It is used to determine whether there is any pronounced relationship and, if so,
whether the relationship can be treated as approximately linear. Y is usually the response (dependent) variable;
X is usually the explanatory (independent) variable. The response variable is the variable for which you want to
explain the variation. The explanatory variable is the variable used to explain variation in the response variable.
When you draw a scatterplot, you are looking to see if a possible linear relationship between the variables exists.
Examples of different types of relationships are shown in Figure 14, Figure 15, Figure 16 and Figure 17.

Figure 14 Positive linear relationship

Figure 15 Negative linear relationship

Figure 16 No linear relationship

Figure 17 No linear relationship

Looking at a scatterplot will tell you if there is a possible relationship and what that relationship might be. The
next step is to find a measure of the strength of this relationship. The correlation coefficient is such a measure.
Correlation coefficient
From the scatterplot, you get a general idea of the relationship. For precision, you need a numerical measure to
determine the strength of the relationship. The most common measure is known as the Pearson Product
Moment Correlation Coefficient. For short, this is usually referred to as the correlation coefficient. As you will
usually be dealing with population samples, the sample correlation coefficient is called r.
Properties of the Correlation Coefficient r







r can only take values from -1 to +1.
If r is +1 or -1, this represents a perfect linear correlation.
If r is 0, this indicates little or no linear relationship; that is, as X increases, there is no definite
tendency for the values of Y to increase or decrease in a straight line.
If r is close to +1, this indicates a large positive correlation; that is, values of Y tend to increase as X
increases.
If r is close to -1, this indicates a large negative correlation; that is, Y tends to decrease as X increases.
The further the value of r is from 0, the stronger the relationship.
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The sign of r indicates the direction of the relationship.

In short, r will always be between -1.0 and +1.0. If the correlation is negative, there is a negative relationship; if
it is positive, then the relationship is positive.
Note that when data has been measured at the ordinal level Pearson’s correlation is not appropriate, in that
case, Spearman’s rank order correlation is used (Spearman’s Rho) . Spearman’s test works by first ranking the
data and then applying Pearson’s equation to those ranks.
Example
A manufacturing technology engineer wanted to establish if there was a relationship between the pull strength
of injection moulded parts and the dwell time in the mould. A random sample of 12 different times and their
corresponding pull strengths were recorded as follows:
Table 11 Time vs. Pull Strength

Toolkit 4 in the supplementary resources section of this module provides a video that shows you how-to
produce a scatter plot and calculate the Correlation Coefficient using Excel.

Figure 18 Scatterplot
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The scatterplot, shown in Figure 18, is similar to the plot in Figure 14 and shows a probable positive linear
relationship. Therefore, you can conclude that, as time in the mould increases, so too does the pull strength.
The correlation coefficient in this example case is 0.968. This supports the earlier observation from the
scatterplot and the calculations that show a strong, positive, linear relationship.

Qualitative data analysis
Now that you have collected your qualitative data it is time to analyse it, however, there is no single right way
to perform a qualitative data analysis, and the method you choose will depend on the purpose of your research.
There are many methods used by researchers to analyse qualitative data including thematic analysis, content
analysis, structural analysis, discourse analysis among others.
Thematic analysis is a flexible method which you can use both for explorative studies, where you don’t have a
clear idea of what patterns you are searching for, as well as for more deductive studies, where you know exactly
what you are interested in. This method is described here; however, the supplementary resources section of
this unit provides you with an extensive list of resources to guide you through the diversity of approaches and
practices of qualitative analysis. A thematic analysis strives to identify patterns of themes in the data. According
to Braun and Clarke (2013), thematic analysis involves a six-phase process for doing analysis3, detailed
hereunder.
6-phase process for analysis
1. Familiarisation with the data: This phase involves reading and re-reading the data, to become immersed
and intimately familiar with its content.
2. Coding: This phase involves generating succinct labels (codes!) that identify important features of the
data that might be relevant to answering the research question. It involves coding the entire dataset, and
after that, collating all the codes and all relevant data extracts, together for later stages of analysis.
3. Generating initial themes: This phase involves examining the codes and collated data to identify
significant broader patterns of meaning (potential themes). It then involves collating data relevant to each
candidate theme, so that you can work with the data and review the viability of each candidate theme.
4. Reviewing themes: This phase involves checking the candidate themes against the dataset, to determine
that they tell a convincing story of the data, and one that answers the research question. In this phase,
themes are typically refined, which sometimes involves them being split, combined, or discarded. In our
TA approach, themes are defined as pattern of shared meaning underpinned by a central concept or idea.
5. Defining and naming themes: This phase involves developing a detailed analysis of each theme, working
out the scope and focus of each theme, determining the ‘story’ of each. It also involves deciding on an
informative name for each theme.
6. Writing up: This final phase involves weaving together the analytic narrative and data extracts, and
contextualising the analysis in relation to existing literature.

Data analysis tools
You can use a range of software packages to analyse data - from Excel or Access to dedicated packages, such as
SPSS, Stata and R for statistical analysis of quantitative data and Nvivo for qualitative (textual and audio-visual)
data analysis.
Quantitative analysis software
Quantitative studies often result in large numerical sets that would be difficult to analyse without the assistance
of computer software packages. Programs such as Excel are relatively straight-forward and readily available,
being particularly useful for descriptive statistics and less complicated analyses. Sometimes, the data analysis
calls for a more sophisticated software package. Fortunately, there are several excellent statistical software
packages available, see Table 12 for examples.

3

This six-phase process is reproduced
research/research-groups/thematic-analysis.html

from

https://www.psych.auckland.ac.nz/en/about/our-
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Qualitative analysis software
The development of a large number of computer programs to facilitate the process of qualitative data analysis
has increased greatly, see Table 13 for examples. Unlike statistical analysis programs, qualitative analysis
software does not actually do the analysis; it simply facilitates the process of creating coding categories,
assigning data segments to categories, and compiling all of the excerpts in a particular category for examination.
The categories themselves, and the interpretation of the categorised data, must still be created by the
researcher.
Other data tools
The marketplace for data analysis tools is mature and crowded with too many to list. Below are some further
data tools available4. Some are free, others are not, and the list is in no particular order. Examples of open source
data tools are shown in Table 14; sentiment tools in Table 15; data extraction tools in Table 16; and data
visualisation tools in Table 17.
Table 12 Quantitative data analysis software

Quantitative data analysis
SPSS

https://www.ibm.com/analytics/spss-statisticssoftware

STATA

https://help.it.ox.ac.uk/sls/stata

R

https://www.r-project.org/

Minitab

https://www.minitab.com/

A general-purpose statistical package widely used in academic
research for editing, analysing and presenting numerical data. It
is compatible with all file formats that are commonly used for
structured data such as Excel, plain text files and relational (SQL)
databases
A powerful and flexible general-purpose statistical software
package used in research, among others in the fields of
economics, sociology, political science. It's capabilities include
data management, statistical analysis, graphics, simulations,
regression, and custom programming.
A free software environment for statistical computing and
graphics. It compiles and runs on a wide variety of UNIX
platforms, Windows and MacOS. R provides a wide variety of
statistical (linear and nonlinear modelling, classical statistical
tests, time-series analysis, classification, clustering, etc.) and
graphical techniques, and is highly extensible.
A general-purpose statistical software package designed for
easy interactive use.

Table 13 Qualitative data analysis software

Qualitative data analysis

4

NVivo

https://www.qsrinternational.com/nvivo/what-isnvivo

MAXQDA

https://www.maxqda.com/

Atlas.ti

https://atlasti.com/

A qualitative data analysis (QDA) computer software package
produced by QSR International. It has been designed for
qualitative researchers working with very rich text-based and/or
multimedia information, where deep levels of analysis on small
or large volumes of data are required.
An alternative to Nvivo and handles a similar range of data types
allowing organisation, colour coding and retrieval of data. Text,
audio or video may equally be dealt with by this software
package. A range of data visualisation tools are also included.
Software for the qualitative analysis of large bodies of textual,
graphical, audio and video data. It offers a variety of tools for
accomplishing the tasks associated with any systematic
approach to "soft" data, i.e. material which cannot be analysed
by formal, statistical approaches in meaningful ways. You can
download a trial version from the website, it is free and works
without time limit.

https://www.datamation.com/applications/15-top-data-analytics-tools.html
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Taguette

https://www.taguette.org/

Dedoose

https://www.dedoose.com/

Taguette is a free and open source tool for qualitative research.
You can import your research materials, highlight and tag
quotes, and export the results.
A cross-platform app for analyzing qualitative and mixed
methods research with text, photos, audio, videos, spreadsheet
data and more

Table 14 Open source data tools

Open source data tools
Knime

https://www.knime.com/

Orange

https://orange.biolab.si/

Pentaho

https://www.hitachivantara.com/go/pentaho.html

OpenRefine

http://openrefine.org/

KNIME Analytics Platform is the leading open solution for datadriven innovation, helping you discover the potential hidden in
your data, mine for fresh insights, or predict new futures.
Open source machine learning and data visualization for novice
and expert. Interactive data analysis workflows with a large
toolbox.
Pentaho addresses the barriers that block your organization’s
ability to get value from all your data. The platform simplifies
preparing and blending any data and includes a spectrum of
tools to easily analyze, visualize, explore, report and predict.
Open, embeddable and extensible.
OpenRefine (formerly Google Refine) is a powerful tool for
working with messy data: cleaning it; transforming it from one
format into another; and extending it with web services and
external data.

Table 15 Sentiment tools

Sentiment analysis tools
OpenText

https://www.opentext.com/

Semantria

https://www.lexalytics.com/semantria

SAS
Sentiment
Analysis

https://www.sas.com/en_us/software/sentimentanalysis.html

Opinion
Crawl

http://opinioncrawl.net/

The OpenText Sentiment Analysis module is a specialized
classification engine used to identify and evaluate subjective
patterns and expressions of sentiment within textual content. The
analysis is performed at the topic, sentence, and document level
and is configured to recognize whether portions of text are factual
or subjective and, in the latter case, if the opinion expressed within
these pieces of content is positive, negative, mixed, or neutral.
Semantria is a tool that offers a unique service approach by
gathering texts, tweets, and other comments from clients and
analyzing them meticulously to derive actionable and highly
valuable insights. Semantria offers text analysis via API and Excel
plugin.
SAS sentiment analysis automatically extracts sentiments in real
time or over a period of time with a unique combination of
statistical modeling and rule-based natural language processing
techniques. Built-in reports show patterns and detailed reactions.
So you can hone in on the sentiments that are expressed.
Opinion Crawl is online sentiment analysis for current events,
companies, products, and people. Opinion Crawl allows visitors to
assess Web sentiment on a topic - a person, an event, a company
or a product. You can enter a topic and get an ad-hoc sentiment
assessment of it. For each topic, you get a pie chart showing current
real-time sentiment, a list of the latest news headlines, a few
thumbnail images, and a tag cloud of key semantic concepts that
the public associates with the subject. The concepts allow you to
see what issues or events drive the sentiment in a positive or
negative way. For more in-depth assessment, the web crawlers
would find the latest published content on many popular subjects
and current public issues and calculate sentiment for them on an
ongoing basis. Then the blog posts would show the trend of
sentiment over time, as well as the Positive-to-Negative ratio.
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Table 16 Data extraction tools

Data extraction tools
Octoparse

https://www.octoparse.com/

Content Grabber

http://www.contentgrabber.com/

Import.io

https://www.import.io/

Mozenda

https://www.mozenda.com/

80legs

https://80legs.com/

Octoparse is a free and powerful website crawler used for
extracting almost all kind of data you need from the website. You
can use Octoparse to rip a website with its extensive functionalities
and capabilities.
Content Graber is a web crawling software targeted at enterprises.
It can extract content from almost any website and save it as
structured data in a format of your choice, including Excel reports,
XML, CSV and most databases.
Import.io is a paid web-based data extraction tool to pull
information from websites used to be something reserved for the
nerds. Simply highlight what you want and Import.io walks you
through and “learns” what you are looking for. From there,
Import.io will dig, scrape, and pull data for you to analyze or
export.
Mozenda is a cloud based web scraping service. It provides many
useful utility features for data extraction. Users will be allowed to
upload extracted data to cloud storage.
Easy Web Scraping Tools and Cloud-Based Web Crawling.
Specializes in gathering data from social networking sites as well as
retail and business directories.

Table 17 Data visualisation tools

Data visualisation tools
Datawrapper

https://www.datawrapper.de/

QGIS

https://qgis.org/en/site/

Solver

https://www.solver.com/

QlikView

https://www.qlik.com/us/products/qlikview

Infogram

https://infogram.com/

Tableau
Public

https://public.tableau.com/en-us/s/

Datawrapper is an online data-visualization tool for making
interactive charts. Once you upload the data from CSV/PDF/Excel
file or paste it directly into the field, Datawrapper will generate a
bar, line, map or any other related visualization.
A cross-platform, free and open-source desktop geographic
information system (GIS) application.
Solver specializes in providing world-class financial reporting,
budgeting and analysis with push-button access to all data sources
that drive company-wide profitability.
Qlik lets you create visualizations, dashboards, and apps that
answer your company’s most important questions. Now you can
see the whole story that lives within your data.
Infogram offers over 35 interactive charts and more than 500 maps
to help you visualize your data beautifully. Create a variety of charts
including column, bar, pie, or word cloud.
An easy to use, free and powerful tool for creating interactive
dashboards and data visualisations that can be shared publiclly and
embedded in your personal site.
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2.3.4 Introducing big data
What is big data?
So, firstly what is big data? Clearly, size is the first characteristic that comes to mind when considering this
question. Drawing on the work of Claude Shannon and others big data is typically defined by the now
mainstream definition of the three V’s: Volume, Velocity, and Variety. Volume simply describes the amount of
data being stored or processed i.e. terabytes and storage space, velocity describes the speed at which this data
is being captured and processed, and finally variety details the different forms of data being collected i.e.
structured, semi-structured and unstructured. In addition to these, a second generation of V’s have been
identified: Veracity, Variability and Value. Veracity refers to the accuracy of the data, variability refers to
temporal data peaks and value describes the transformation of information into insights that may create
economic value.
There are no industries that remain uninterested in big data, nor are there areas of business excluded from its
potential application. The ability of firms to aggregate, elaborate and analyse big data is becoming a key
competitive advantage and resource. Big data is not just for big businesses with big budgets. Today, small
businesses can reap the benefits of the massive amounts of online and offline information to make wise, datadriven decisions to grow their businesses. In refuting the myth that the art of analysing and making sense of
big data is the preserve of ICT specialists the European Commission has stated

“While it does offer new prospects for ICT companies, the opportunities are also vast for
producers and users of data in all other economic sectors, too. For example,
manufacturing companies can make use of Big Data analytics to render their
production processes more efficient. Retailers who need to face the challenge to meet
the demand of a new generation of customers who expect information to be available
anytime and anywhere, can effectively use the new technologies.”

Big data analytics
Data management involves processes and supporting technologies to acquire and store data and to prepare and
retrieve it for analysis. Big data analytics refers to the techniques used to analyse and obtain intelligence from
big data. Gondomi & Haider (2015) provide a brief review of big data analytical techniques for structured and
unstructured data; reviewing analytic techniques for text, audio, video and social media data, as well as
predictive analytics, see the supplementary resources section.

Big data tools
The complexity of big data architecture may represent a financial and cultural barrier for many SMEs. However,
according to Coleman et al (2016), there are two main factors that can provide a viable bridge between SMEs
and big data analytics. The evolution of cloud architectures, as well as the development of open source Big Data
Analytics projects, can help SMEs to gain insights about the related core technologies and tools.
SMEs can take a lot of benefits from embracing business cloud solutions, the most important being access to
extensive environments that potentially give enough leverage to compete with the bigger organisations in the
industry. Cloud platforms represent a cost‐effective way of building the hardware and data infrastructure, with
many solutions available on a pay-per-use basis including Amazon Web Services, Microsoft Azure and Google
Cloud DataLab.
Big data tools are widely available with many of the best known big data tools available are open source projects.
Whilst it is not comprehensive, Table 18 provides a listing of some big data tools with links for further
information.
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Table 18 Big data tools
Apache
Hadoop

Apache Spark
HPCC

Apache
Storm
Qubole

Cassandra
Statwing

Pentaho

Openrefine

Apache Hadoop is a framework for storing and processing data
at a large scale, and it is completely open source. Hadoop can
run on commodity hardware, making it easy to use with an
existing data centre, or even to conduct analysis in the cloud.
Apache Spark is an open source cluster computing framework
that is frequently used in big data processing.
HPCC is a big data tool developed by LexisNexis Risk Solution. It
delivers on a single platform, a single architecture and a single
programming language for data processing.
Storm is a free and open source big data computation system. It
offers distributed real-time, fault-tolerant processing system.
With real-time computation capabilities.
Qubole Data is Autonomous Big data management platform. It is
self-managed, self-optimizing tool which allows the data team to
focus on business outcomes.
The Apache Cassandra database is widely used today to provide
an effective management of large amounts of data.
Statwing is an easy-to-use statistical tool. It was built by and for
big data analysts. Its modern interface chooses statistical tests
automatically.
Pentaho provides big data tools to extract, prepare and blend
data. It offers visualizations and analytics that change the way to
run any business. This Big data tool allows turning big data into
big insights.
Open Refine is a powerful big data tool. It helps to work with
messy data, cleaning it and transforming it from one format into
another. It also allows extending it with web services and
external data.

http://hadoop.apache.org/

https://spark.apache.org/
https://hpccsystems.com/

http://storm.apache.org/index.html

https://www.qubole.com/

http://cassandra.apache.org/download/
https://www.statwing.com/

https://www.hitachivantara.com/go/pentaho.html

http://openrefine.org/
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Unit summary
Once data has been collected you need to be able to organise and present it in a clear and understandable
format. This unit examined data visualisation and methods of presenting data using tables and charts with a
focus on the interpretation of the data. This unit also examined the numerical methods to describe data to
compliment the use of tabular and graphical methods. The key numerical values included measures of centrality;
measure of variability; measures of relative standing and the five-number summary and the box plot. Qualitative
data analysis and the 6-phase process for analysis were considered. A selection of software and data analysis
tools, both quantitative and qualitative, were presented. Finally, this unit introduced the concept of big data
and big data analytics.

Unit activities
Activity 1: Data visualisation
Purpose
To get you thinking about how you will visualise your data and to familiarise yourself with the many
methods available.
Task
Watch this youtube video, link below, which provides examples of visualisation. Find two online tools
that you think are useful for visualising data and post these to the discussion forum.
https://www.youtube.com/watch?v=YaGqOPxHFkc

Unit self-assessment questions
Question 1
The medical centre in a company selected a random sample of fifty patients and kept track of how long they
were kept waiting (in minutes) before seeing a doctor. Calculate the median and the mode waiting time for this
sample of patients. Construct a box plot for the data and comment on the distribution.

Unit answers to self-assessment questions
Answer 1
The median waiting time was 6 minutes; and the mode was 5 minutes.

There are 4 outliers so the median is the preferred measure of centrality. The outliers cause the distribution to
be skewed to the right. The uneven lengths of the whiskers also demonstrate this. 75% of the values are
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between 1 and 9, with 25% of the values between 9 and 17. This means that 75% of the patients were seen
within 9 minutes but 25% had to wait between 10 and 17 minutes. Four patients had a very long wait.

Unit supplementary resources
Toolkit 1: Describing categorical data using Excel
Toolkit 2: Describing quantitative data using Excel
Toolkit 3: Descriptive statistics & the box plot using Excel
Toolkit 4: Scatter plot & Correlation Coefficient using Excel

Link 1: Data Management Guide | Research Data | University of Cambridge
Details
The resources on these pages were prepared by the University of Cambridge Library to help you plan,
create, organise, share, and look after your research materials, whatever form they take.
The Link
https://www.data.cam.ac.uk/data-management-guide

Link 2: Analysing & Presenting Qualitative Data
This paper provides a pragmatic approach to analysing qualitative data, using actual data from a
qualitative dental public health study for demonstration purposes.
Citation
Burnard, P., Gill, P., Stewart, K., Treasure, E., & Chadwick, B. (2008). Analysing and presenting qualitative
data. Bdj, 204, 429. doi:10.1038/sj.bdj.2008.292.
The Link
https://www.nature.com/articles/sj.bdj.2008.292

Link 3: Data Management Expert Guide
This guide is designed by European experts to help social science researchers make their research data
Findable, Accessible, Interoperable and Reusable (FAIR).
The Link
https://www.cessda.eu/Training/Training-Resources/Library/Data-Management-Expert-Guide

Link 4: Data Visualisation Catalogue
The Data Visualisation Catalogue is a project developed by Severino Ribecca to create a library of
different information visualisation types. Provides a list and examples of the many different ways to
visualize data. While it is mostly quantitative, there are a couple examples of qualitative data
visualization.
The Link
https://datavizcatalogue.com/
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Link 5: How to Visualise Qualitative Data
Depict Data Studio Presents several ideas for presenting qualitative data for your organisation’s reports,
presentations, handouts, infographics, and more.
The Link
https://depictdatastudio.com/how-to-visualize-qualitative-data/

Link 6: General Data Protection Regulation (GDPR)
General Data Protection Regulation available in 23 languages.
The Link
https://eur-lex.europa.eu/eli/reg/2016/679/oj

Link 7: SAGE Research Methods
SAGE Research Methods Video includes hours of tutorials, interviews, video case studies, and minidocumentaries covering the entire research process. Find videos made with expert researchers from
leading research institutions, your favorite SAGE authors, great teachers, and more.
The Link
http://methods.sagepub.com/video

Link 8: Big Data Success In Practice: The Biggest Mistakes To Avoid Across The Top 5
Use Cases
In his keynote address Bernard Marr will explore the top 5 big data use cases in organisations and
identify some of the biggest mistakes data science teams must avoid as well as key criteria for success.
Bernard will do this by looking at a series of real word examples in which he will also touch on key
trends including data democratisation and self-service BI, data privacy and GDPR, edge and fog
computing, digital twin technology as well as IoT and deep learning AI.
The Link
https://youtu.be/NJILZLehnuw
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