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Series Preface

The first thing to know about Data Understanding, Data Analysis, and Data Science (DUDADS)
is that it isn’t really a “book”. It makes more sense to think of it as course notes, or as a
reference manual and a source of examples and application.

I borrow some of its contents from authors who do a better job of explaining things than
I could hope to do; | also sometimes modify their examples and code to better suit my
pedagogical needs.” Major influences include [1, 2, 3, 4, 5, 6, 8] — be sure to give these
masterful works the attention they deserve!

The second thing to know about DUDADS is that it isn’t really “a” book. It makes more
sense to think of it as a bunch of books in a trench coat, masquerading as a single one."
No one is expected to traverse DUDADS in one sitting, or even to tackle more than a few
of its assigned chapters, sections, subsections, exercises at any given time; rather, it is
intended to be read in parallel with guided lectures.

The third thing to know about DUDADS is that the practical examples use R and/or
Python, for no particular reason other than that some programming language had to be
used to illustrate the concepts. In the text, R code appears in blue boxes:

--- some R code ...
Whereas Python code appears in green boxes:

... some Python code ...

You may look at some piece of code and think to yourself: “This isn’t how | would do
it” or “such-and-such a task would be easier to accomplish if we used module/package
ABC or programming language XYZ”. That’s quite possible.

But finding the optimal tool is not the point of DUDADS. In the first place, new data
science tools appear regularly, and it would be a fool’s errand to try to continuously
modify the book to keep up with them.* In the second place, | am serious about the
“understanding” part of Data Understanding, Data Analysis, and Data Science, and that is
why | favour a tool-agnostic approach.

*In all cases, | have attempted to properly cite and give credit where it is due. Get in touch if you find omissions!

T I paid heed to this realization by splitting it into a number of volumes.

* 1 am not saying that | won’t be adding examples in di [erent languages in the future, but let’s not get ahead of
ourselves.



The fourth thing to know about DUDADS is that it is not a place to go to in order to obtain
a detailed step-by-step guide on “how to solve it”. In person, my answer to a vast array
of data science related questions is, rather anti-climatically: “it depends”. Of course, it
depends; on the data, on the objectives, on the cost associated with making a mistake,
on the stakeholder’s appetite for uncertainty, and, perhaps more surprisingly, on the
analytical and data preparation choices that are made along the way.

To some, this might smack of post-modernism: “you are saying that there is no truth, and
that data analysis is pointless!” To which | respond: “analysts have agency (lots of it, it turns
out), and their choices DO influence the results, so make sure to run multiple analyses to
determine the variability of the outcomes”. That is the nature of the discipline.

The last thing you should probably know about DUDADS is that | have made a concerted
e [ort to focus mainly on the story of (learning) data analysis and data science; sometimes,
that comes at the expense of rigorous exposition.

“The early stages of education have to include a lot of lies-to-children, because
early explanations have to be simple. However, we live in a complex world,
and lies-to-children must eventually be replaced by more complex stories if
they are not to become delayed-action genuine lies.” [7]

Some of the concepts and notions that | present are incomplete by design, but remain (I
hope) true-to-their-spirit, or at least true “enough” for a first pass.® My position is that
learning is an iterative process and that important take-aways from an early stage might
need to be modified to account for new developments at a later date. But all things in good
time: flexibility is a friend in your learning adventure; perfectionism, not always so.

Patrick Boily
Wakefield, January 2024
pboily@uottawa.ca

The DUDADS reference manuals are available at idlewyldanalytics.com ¢z

= Volume 1: Prelude to Data Understanding

= Volume 2: Fundamentals of Data Insight

= Volume 3:

= Volume 4: Techniques of Data Analysis

= Volume 5: Special Topics in Data Science and Artificial Intelligence
= The Practice of Data Visualization (with S. Davies and J. Schellinck)

8 In the parlance of the field, let me simply say that some of the details are left as an exercise for the reader (and
can also be found in the numerous references).
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Learning Paths

I mostly use the material found in this volume for data workshops o ered to professionals
through Idlewyld Analytics and Consulting Servicethe Data Action Lal and the University
of Ottawa's Professional Development Institute

In particular, here is what | cover in various workshops:

= Data Science Essentials Chapters 13 15, and 17,
= Data Visualization and Dashboards  Chapter 18 (as well as material found in The
Practice of Data Visualization ).

Chapter 16 is sometimes used as a component in special topics data analysis courses |
teach at the University of Ottawa.
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Non-Technical Aspects of
Quantitative and Data Work

by Patrick Boily , with contributions from Bronwyn Ray eld and Jen
Schellinck

With solid analytical and abstraction skills, individuals with a background

in mathematics and statistics are in high demand. The gap between theory
(or textbook applications) and real-world uses can prove surprisingly
di cult to navigate, however, and can lead to challenges for rst-time
practitioners.

In this chapter, learners are introduced to various crucial non-technical
aspects of quantitative and/or data work.

13.1 First Principles

The key component of data analysis and quantitative consulting is the
ability to apply quantitative methods to business problems to obtain
actionable insight. But it is impossible for any given individual to
have expertise in every eld of mathematics, statistics, and computer
science. In our experience, the best consulting output is achieved when a
small team of consultants possessesexpertise in 2 or 3 areas, adecent
understanding of related disciplines, and a passing knowledge in a
variety of other domains.

This includes keeping up with trends , implementing knowledge re-
dundancies on the team, being conversant in non-expertise areas , and
knowing where to nd information (online, in books, or external re-
sources).

We present an overview of a variety of domains relatedto quantitative
analysis in other chapters:

= survey sampling and data collection

= data processing

= data visualization

= statistical methods

= gueueing models

= machine learning

= simulations

= optimization

= Bayesian data analysis

= anomaly detection and outlier analysis
= feature selection and dimensions reduction
= trend extraction and forecasting

= etc.
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1: There are, to be sure, important di er-
ences: quantitative consultants do not have
to be data people, and the relationship
between employers/stakeholders and em-
ployees (a position held by quite a few
data scientists) is of a distinct nature than
that between client and consultant, but
there are enough similarities for the anal-
ogy to be useful. Failing that, it could be
a clever idea for data analysts and data
scientists to get a sense for what motivates
the consultants that might be brought in
by their employers.

The domains are not free of overlaps. Large swaths of data science
and time series analysis methods are quite simply statistical in nature,
for instance, and it is not unusual to view optimization and queueing
methods as sub-disciplines of operations research.

By design, our treatment of these topics will be brief and incomplete .
Each chapteris directed at learners who have a background in quantitative
methods, but not necessarily in the topic under consideration.

Our goal is to provide a quick reference map of the topic, together with
ageneral idea of common challenges and traps, to highlight opportunities
for application in a consulting context.

These chapters are not always meant to be comprehensive surveys: they
often focus solely on basics and talking points . More importantly, a
copious number of references are also provided.

We will complement some of these topics with write-ups of real-world
consulting projects. For the time being, however, we focus on the non-
technical aspects of quantitative work . Note that these are not just bells
and whistles; analysts that neglect them will see their projects fail, no
matter how cleverly their analyses were conducted.

This chapter is a companion piece to Chapter 14 Data Science Basigghe
latter contains a fair amount of must-read material for would-be data
scientists and consultants, including:

= objects, attributes, and datasets

= modeling strategies and information gathering

= ethics in the data science context

= the analytical work ow

= roles and responsibilities of data analysis teams
= asking the right questions

In the rest of this section the terms consultants, data scientists, and
data analysts are used interchangeably, as are the termsclients and
stakeholders .1

13.1.1 The Consulting/Analysis Framework

The perfect consultant/data scientist is both reliable and
extremely skilled; in a pinch, it's much better to be merely
good and reliable than great but aky. [Bronwyn Ray eld]

Consulting is the practice of providing expertise to an individual or
organization in exchange for a fee.

Consultants may be hired to supplement existing sta (importantly, they
are NOT hired as employees consultants enjoy an at-arm's-length
relationship with their client) or to provide an external perspective .
Consulting duties could include some of the following:

= making recommendations to improve products or services

= implementing solutions

= breathing new life into a failing project

= training employees

= re-organizing acompany's structure to remove ine ciencies, etc.



This seems straightforward, but there could be complications :

= Even though consultants are brought in by the organization, their
presence is not always appreciated by employees?

= |[f a consultant is brought in to implement solutions, the rst
question to come to mind should be: why isn't the company
implementing the solution(s) themselves? Is it because of a lack
of resource? Are there political implications?

= The same goes for breathing new life into a failing project: why is
the project failing? Is it a failure of leadership or of planning? Is
the project infeasible? Are they looking for a scapegoat?

= In the training scenario, consultants need to recognize exactly
how much can be done in the allotted time. 2 Is the company
hoping to o er the illusion of training? What kind of abilities
the prospective trainees have? If they have the right stu , why
are they not training themselves? If they do not have the right skill
sets and cannot be trained, what consequences might that have on
success and/or reputation?

Consultants fall in one (or more) of the following types [6]:

Strategy Consultants focus on corporate strategy, economic policy, gov-
ernment policy, and so on; the projects they typically conduct
for senior managers have more of an advisory nature than in
implementation one;

Operations Consultants focus on improving the performance of a com-
pany's or a department's operations; they typically work with both
strategy and technology people (in sales, marketing, production,

nance, HR, logistics, etc.), on projects that run the gamut from
advisory to implementation;

Human Resources Consultants focus on matters pertaining to human
resources or on the workplace culture;

Management (Business) Consultants focus on variety of organizational
concerns (this is a catch-all term to describe strategic, operational,
and HR consultants);

Financial and Analytical Advisory Consultants focus on nancial or
analytical matters; for these consultants, subject matter expertise
(tax law, risk analysis, statistics, etc.) is paramount;

Information Technology Consultants  focus on development and appli-
cation of IT, data analytics, security, and so on; they typical work
on project, not on business-as-usual activities;

Specialized (Expert) Consultants are usually brought in for a speci ¢
task, which requires pointed expertise in a speci c eld.

For the purpose of this chapter, when we referto quantitative consultants
and/or data scientists, we usually mean someone who falls in one the
last three categories, in short someone with expertise in a quantitative,
analytical, technological, and/or technical eld.

According to International Management Consultingconsultants bene-
t from:
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2: It is not too di cult to imagine how
an outsider coming in and making rec-
ommendations to improve products and
services, or to remove ine ciencies could
be seen, in e ect, as criticizing the current
processes, let alone as potentially threat-
ening employees' livelihoods, causing a
fair amount of friction and pushback.

3: Typically, the available time is quite
short.
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4: |t certainly was for us...

= business understanding and external awareness (the so-called
PESTLEE framework: political, economical, social, technological,
legal, environment, ethics)

= being able to manage client relationships

= implementing the EDDD consulting process (engage, develop,
deliver, disengage)

= being familiar with various consulting tools and methods specic
to their area(s) of expertise, etc.

More speci cally, good data scientists and quantitative consultants are
expected to:

= have business acumen;

= learn how to manage projects from inception to completion, know-
ing that consultants are working with various people, on various
projects, and that these people are also working on various projects;

= be able to slot into various team roles, recognize when to take
the lead and when to take a backseat, when to focus on building
consensus and when to focus on getting the work done;

= seekpersonal and professional development , which means that
learning never stops;

= always display professionalism (externally and internally), a stan-
dard a behaviour and skills that need to be adhered to take
ownership of failures, share the credit in successes, treat colleagues,
clients, and stakeholders with respect, and demand respect for
teammates, clients, and stakeholders as well;

= act in accordance with their ethical system;

= hone their analytical , predictive , and creative thinking skills;

= rely on their emotional intelligence , as it is not su cient to have
a high 1Q and recognize stated and tacit colleagues' and clients'
needs, and

= communicate e ectively with clients, stakeholders, and colleagues,
to manage projects and deliver results.

13.1.2 The Multiple I Approach

While technical and quantitative pro ciency (or expertise) is of course
necessaryto do good quantitative work, it is not sucient  optimal
real-world solutions may not always be the optimal academic or analytical
solutions. This can be a di cult pill to swallow for individuals that have
spent their entire education on purely quantitative matters. *

The consultants' and analysts' focus must shift to the delivery of useful
analyses, obtained via the Multiple | approach to data science:

= intuition  understanding the data and the analysis context;

= jnitiative  establishing an analysis plan;

= innovation  searching for new ways to obtain results, if required,;

= insurance trying more than one approach, even when the rst
approach worked;

= interpretability  providing explainable results;

= insights providing actionable results;

= integrity  staying true to the analysis objectives and results;

= independence developing self-learning and self-teaching skills;
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Figure 13.1: A data science team in action, warts and all [Meko Deng, 2017].

= interactions  building strong analyses through (often multi-
disciplinary) teamwork;

= interest nding and reporting on interesting results;

= intangibles putting a bit of yourself in the results and deliverables,
and thinking outside the box ;

= inquisitiveness  not simply asking the same questions repeatedly.

Data scientists and consultants should not only heed the Multiple |'s
at the delivery stage of the process they can inform every other stage
leading up to it.

13.1.3 Roles and Responsibilities

A data analyst or a data scientist (in the singular) is unlikely to get
meaningful results there are simply too many moving parts to any data
project. Successful projects requireteams of highly-skilled individuals
who understand the data, the context, and the challenges faced by their

teammates® 5: Many newly-minted consultants and

. ) ] data scientists have not had enough expe-
Depending on the scope of the project, the team's sizecould vary from a rience with e ective team work , and they
few to several dozens (or more!) itis typically easier to manage small-ish are likely to underestimate the challenges

teams (with 1-4 members, say). that usually arise from such an endeavour.

Our experience as consultants and data scientists has allowed us to

identify the following quantitative/data work roles .6 6: Note that individuals can play more
than one role on a team.
Project Managers / Team Leads must understand the process to the

point of being able to recognize whether what is being done makes
sense, and to provide realistic estimates of the time and e ort
required to complete tasks. Team leads act as interpreters between
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the team and the clients/stakeholders, and advocate for the team. ’
7: They may also need to shield the team They might not be involved with the day-to-day aspects of the
from clients/stakeholders. projects but are responsible for the project deliverables.

Domain Experts / SMEs are, quite simply, authorities in a particular
area or topic. Not authority in the sense that their word is law, but
rather, inthe sense that they have a comprehensive understanding of
the context of the project, either from the client/stakeholder side, or
from experience. SMEs can guide the data science team through the
unexpected complications that arise from the disconnect between
data science team and those on-the-ground , so to speak.

Data Translators have a good grasp on the data and the data dictionary,
and help SMEs transmit the underlying context to the data science
team.

Data Engineers / Database Specialists work with clients and stakehold-
ers to ensure that the data sources can be used down the line by the
data science team. They may participate in the analyses, but do not
necessarily specialize in esoteric methods and algorithms. Most
data science activities require the transfer of some client data to the
analysis team. In many instances, this can be as simple as sending
a.csv le as an e-mail attachment. In other instances, there are
numerous security and size issues that must be tackled before the
team can gain access to the data.

Data Analysts are team members who clean and process data and
prepare the initial data visualizations. They have a decent under-
standing of quantitative methods. They typically have at most one
area of expertise and can be relied upon to conduct preliminary
analyses.

Data Scientists are team members who work with the processed data
to build sophisticated models that provide actionable insights.
They have a sound understanding of algorithms and quantitative
methods, and of how they can be applied to a variety of data
scenarios. They typically have 2 or 3 areas of expertise and can be
counted on to catch up on new material quickly.

Computer Engineers design and build computer systems and other
similar devices. They are also involved in software development,
which is frequently used to deploy data science solutions.

Arti cial Intelligence/Machine Learning QA/QC Specialists designtest-
ing plans for solutions that implement Al/ML models; in particular,
they should help the data science team determine whether the
models are able to learn.

Communication Specialists are team members who can communicate
the actionable insights to managers, policy analysts, decision-
makers and other stake holders. They participate in the analyses,
but do not necessarily specialize in esoteric methods and algorithms.
They should keep on top of popular accounts of quantitative results.
They are often data translators, as well.

Another complication: data science projects can be downright stressful .
In an academic environment, the pace is signi cantly looser, but
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= deadlines still exist (exams, assignments, theses),
= work can pile up (multiple courses, TAs, etc.)

In the workplace, there are two major di erences:

= a data science project can only really receive 1 of 3 grades: A+
(exceeded expectations) A- (met expectation), or F (did not meet
expectations);

= while project quality is crucial, sois timeliness missing a deadline
is just as damaging as turning in uninspired or awed work; perfect
work delivered late may cost the client a sizeable amount of money.

Sound project management and scheduling can help alleviate some

of the stress related to these issues. These are the purview of project
managers and team leads, as is the maintenance of the quality ofteam

interactions , which can make or break a project:

= ALWAYS treat colleagues/clients with respect that includes
emails, Slack conversations, watercooler conversations, meetings,
progress reports, etc.;

= keep interactions cordial and friendly you do not have to like
your teammates, but you are all pulling in the same direction;

= keep the team leader/team abreast of developments and hurdles
delays may a ect the project management plan in a crucial manner
(plus your colleagues might be able to o er suggestions), and

= respond to requests and emails in a timely manner (within reason,
of course).

13.1.4 Analysis Cheatsheet

We will end this section with a 12-point TL;DR (too long; did not read)
snippet that summarizes the profession. These were collected (sometimes
painfully) throughout the years (see [2] for more details).

[N

. Business solutions are not always academic solutions.

2. The data and models do not always support the stakeholder/client's
hopes, wants, and needs.

3. Timely communication is key with the client and stakeholders,
and with your team.

4. Data scientists need to be exible (within reason), and willing and

able to learn something new, quickly.

Not every problem calls for data science methods.

. There are things to be learned both from good and bad experiences.

. Manage projects and expectations.

. Maintain a healthy work-life balance.

. Respect the client, the project, the methods, and the team.

10. Data science is not about how smart we are; it is about how we can

provide actionable insight.
11. When what the client wants cannot be done, o er alternatives.
12. There ain't no such thing as a free lunch.

© 0~ o Ul
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8: Every project is di erent, without ex-
ception. The project life cycle can also
di er from one project to the next, or from
one client to the next, but on average, most
of the steps highlighted in this section will
be involved in one way or another.

9: Marketing is analogous to dating in
this manner you must put yourself out
there.

10: Exactly what constitutes illegitimate
behaviour is not always easy to determine,
and may vary from one client to the next,
but lies and misrepresentations are big
no-nos.

13.2 Project Life Cycle

Based on our experience, we think that there are twelve steps in the
consulting life cycle (see The Consulting Life Cycle @ and [2] for
details):

1. marketing getting the word out;

2. initial contact  start discussions with prospective clients;

3. rst meeting (and meetings) committing to write a proposal for
the client;

4. assembling a team;

. proposal and planning  laying out what can be done for the client;

6. contracting, insurance, IP if the client agrees to the proposal, this
step is crucial: do not start work until this step is cleared up;

7. information gathering  may include data collection and cleaning,
meeting with domain experts and in-house specialists to get a sense
of the context;

8. analysis where quantitative skills come in to play;

9. interpretation of results  this is what the client actually cares
about;

10. reporting, dashboarding, deployment
deliverables along the way;

11.invoicing required to get paid;

12. closing the le  conducting a post-mortem with the client and
with the team and deciding what is next.

al

there are often multiple

In this section, we dig a little deeper into each of the steps. 8

13.2.1 Marketing

Marketing is required to let prospective clients know that an individual
or group is in business (as consultants), that they possess aspeci c set of
quali cations, and that they are looking for  projects on which to work.

There are numerous marketing approaches:

= word-of-mouth
= online

= event
newsletter

= article

= content

= niche

" reverse

= etc.

Obviously, not all these methods are applicable to every consultant and
to every context. The principle underwriting marketing is simple: if
prospective clients do not know that consultants exist, the latter cannot
be found.®

In a broad sense, marketing is anything and everything done by a
consultant to legitimately get an in with a prospective client and to
convince them to hire their services. As with dating, attempts to get in
illegitimately are usually regarded poorly and can easily back re. 10



Large consulting rms typically have marketing teams or departments
that is to say, individuals who are dedicated to nding clients and
projects.

In smaller rms, marketing is usually done by the consultants themselves.
Individual consultants and sole proprietors often join up with one another

to avoid duplicating marketing e orts and to minimize associated costs.
Keep in mind, however, that this requires a certain amount of business
compatibility and ideological alignment .

Marketing avenues should not be viewed in a xed manner not only
are they constantly changing with the advent of new technologies, ! but
personal preferences and the appropriateness of a given approach may
change over time.

And while good marketing is necessary to consulting success (whatever
form this may take), it is not a su cient condition; thereisa  marketing
point of diminishing returns , after which the results are not worth the
e ort.

Which avenue should a consultant select? The following questions are
worth asking:

= does the avenue give a consultant an in?

= can it convince a client to hire the consultant's services?
= what is its genuine cost (time, nancially, energy)?

= what is its initial vs. ongoing investment?

= what are the risks associated with it?

= are there universal guidelines to the approach?

As alluded to previously, what works for one project, one client, one
consultant may not work for another beware the tyranny of past
success

Marketing Materials ~ Beginning quantitative consultants could bene t
from some of the following avenues:

= current and customizable project-based CVs

= client testimonials (letters of reference, etc.)

= portfolio (online, o ine), including personal and pro bono projects
(GitHub repository, etc.)

= active social media presence

= updated and functional website/landing page

= blog articles/white papers on variety of topics

= brochures and business cards

= attending conferences and networking activities

= adverts

= etc.

We shall provide additional details for a few of these.

Project-Based CVs contain two main sections:

= Traditional CV (contactinfo, skills, selected achievements, relevant
experience, education and personal development, personal)

= Relevant Project Experience (list, role, project description, related
reports and presentations)

13.2 Project Life Cycle| 835

11: It is recommended that consultants
stay up-to-date on these technologies; a
principled stand against a new tech may
garner support in an echo chamber, but it
can also mark you as out-of-touch with a
younger and more general audience.
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12: Note that if you are going to base an
article o of a project, you should make
sure to obtain client permission  rst.

13: If a project must be turned down, it is
much preferable to invoke lack of avail-
ability or to suggest another lead instead

Other items can be added, depending on the context (publications,
teaching, etc.). The traditional section should be no more than four pages
(note the suggested sectionorder). Projects in di erent domains could
also be used to showcase successes and breadth of knowledge (see [3] for
samples).

Social media platforms include:

= LinkedIn (consider accepting invites from people you do not know,
expand your network, post regularly)

= twitter (RT articles/posts of interest, with a commentary; get to
know who the experts in the elds are and follow them; post
regularly)

= Facebook, Instagram, TikTok, etc.

With an online presence, there might also be a need to separate your per-
sonal from your professional online identities; itis important to avoid the
common pitfalls of online use (trolling, ame wars, lousy/generational
spelling, etc.), and to keep up with new tools.

Blog articles can be used for:

= content aggregation

= interacting with community

= pushing content

= showcasing communication, technical skills, and interests

These are not journal articles, soe ective communication is key .12

Examples can be found on the Data Action Labblog [8]. Remember:
any (legitimate) approach is on the table if it helps get a prospective

client interested in your services; consult Marketing ¢ and [2] for more

details.

13.2.2 Initial Contact

Once a prospective client expresses an interest (no matter how faint) in
working with a consultant, whether through email, a phone call, or some
other approach, the consultant should:

= immediately dedicate a project number , an email folder , and a
folder in their le structure  to the potential project;

= capture and verify email addresses and phone numbers as soon
as possibly;

= respond to advances promptly (without seeming too desperate),
and

= show interest in the project, even if the subject matter is not to your
liking or if you are not an expert on the required methods

It is too early to turn down a client at this stage due to lack of interest

and/or quali cations; 2 the goal remains to gather some initial informa-
tion about the project and set-up a meeting to discuss it in detail. Consult
Initial Contact z and [2] for more detalils.
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