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“Not only does the discipline of data science need this book, it holds critical
insights and lessons for other facets of enterprise IT too. For the first time, the
critically important ideas of emergent design practice have been weaved into
the hyper-rational world of data science in an accessible and practical way.
Kailash Awati and Alex Scriven have written the first data science book of its
kind —a must read for anyone interested in the governance of data and the com-
plex problems that data and analytics seeks to help solve.”

Paul Culmsee, Managing Partner, Seven Sigma Business Solutions

“A refreshingly practical approach to success in data science and machine
learning. The value of Awati and Scriven’s contribution to this field is that emer-
gent design lends to data science a coherence that previously was missed in the
chasm between the promise of new tech and the organisational change required
to harness it. They’ve bridged that gap with a highly accessible read, weaving
the wealth of their collective experience with the rigour of leading researchers,
intellectuals and practitioners into a lively jaunt covering the full vocabulary of
concepts for leaders (from deep learning to tech stack to GDPR) that will hold
‘aha’ moments for even the most seasoned data and analytics professionals and
(hopefully!) spawn a new generation of strategic leadership and emergent prac-
tice in this space.”

Passiona Cottee, Associate Director, NSW Government

“If you are passionate about the successful implementation of data science and
analytics strategies, then put this book on your required reading list. You will
learn why and how to define a direction by finding and framing problems that
matter to people across the organisation.”

Zanne Van Wyk, Worldwide Education Industry Architect at Microsoft

“Data Science and Analytics Strategy covers a wide range of topics like building
analytics and data science capability, building data driven culture in the organ-
ization and ethical aspects of practicing data science. It includes advice which
are easy and very practical to use in real world scenarios. All in all, a great read
for all those who want to setup analytics and data science practises within their
organization.”

Dubhita Khadepau, Director (Analytics and Data Science), Assignar

“Succeeding with data science and analytics is no easy ride, however this book
gives the reader a range of ideas and actions to combat the challenges faced by
professionals in this field. Finding a path to success requires new approaches
and this book provides a refreshing perspective for practitioners to consider as
they strive for success.”

Sandra Hogan, Co-Founder, Amperfii
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Data Science and
Analytics Strategy

This book describes how to establish data science and analytics capabilities in
organisations using an evolutionary approach that increases the chances of successful
outcomes while minimising upfront investment. Based on their experiences and those
of a number of data leaders, the authors provide actionable advice on data technolo-
gies, processes, and governance structures so that readers can make choices that are
appropriate to their organisational contexts and requirements.

The book blends academic research on organisational change and data science
processes with real-world stories from experienced data analytics leaders, focusing on
the practical aspects of setting up a data capability. In addition to a detailed coverage
of capability, culture, and technology choices, a unique feature of the book is its
treatment of emerging issues such as data ethics and algorithmic fairness.

Data Science and Analytics Strategy: An Emergent Design Approach has been written for
professionals who are looking to build data science and analytics capabilities within
their organisations as well as those who wish to expand their knowledge and advance
their careers in the data space. Providing deep insights into the intersection between
data science and business, this guide will help professionals understand how to help
their organisations reap the benefits offered by data. Most importantly, readers will
learn how to build a fit-for-purpose data science capability in a manner that avoids
the most common pitfalls.

Kailash Awati is a data and sensemaking professional with a deep interest in helping
organisations tackle complex problems. He is an Adjunct Fellow in Human-Centred
Data Science at the UTS Connected Intelligence Centre and a Data and Insights
Manager at a government agency. Over the last decade, he has established data cap-
abilities in diverse organisations using the principles described in this book. In add-
ition to his work in industry, he has developed and taught postgraduate courses in
machine learning and decision-making under uncertainty. He is the co-author of two
well-regarded books on managing socially complex problems in organisations: The
Heretic’s Guide to Best Practices and The Heretic’s Guide to Management.

Alexander Scriven is a senior data scientist at Atlassian in Sydney, Australia, and has
experience across start-ups, government, and enterprise building analytical capacities
and executing on data science projects. He greatly enjoys teaching and mentoring and
has built and delivered both master’s-level university courses in machine learning
and deep learning and highly rated courses for online platforms such as Datacamp.
His research interests are in applying data science techniques to novel industry
challenges. Alex greatly enjoys bridging the gap between cutting-edge technology
and business applications.
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Foreword

In my experience the ability to go from a collection of data science use cases toa
full-blown capability presents a significant challenge for many organisations.
Recognising that organisations have traditionally struggled with the ability
to develop and execute data and analytics strategies, this book by Kailash
Awati and Alex Scriven provides practical guidance for leaders who are
looking to derive tangible benefits from data. Apart from covering traditional
topics such as capability development, technology, and productionising data
science, a novel and perhaps the most important feature of the book is its
coverage of governance and ethics. Data practitioners and enthusiasts will be
exposed to the key elements of data science and analytics and will learn how
to apply these features to organically and sustainably grow data capabilities.

Emergent Design urges data leaders and practitioners to look beyond the
technical aspects of the discipline. Organisations that fail to recognise the
sociotechnical aspects of data science will struggle to develop a sustainable
data capability. Whether you are setting out on your journey or refining your
existing data science programmes, there is a significant benefit to be gained
by adopting the approach advocated in this book. Based on evolutionary
principles of change, it provides a simple and effective framework to guide
you on your data journey.

In addition to challenging conventional wisdom about how to “do data”,
this book captures the diverse experiences of many data and analytics
leaders who discuss how they have overcome the challenges associated with
harnessing the growing potential of emerging data technologies in a scal-
able and sustainable manner. Many organisations are rightfully focussed
on ensuring the interoperability of technology and establishing efficient,
optimised processes. However, as this book stresses, the most critical element
of success lies in building the skills and expertise of your greatest assets: the
people in your organisation.

Craig Napier
Chief Data Officer, University of Technology Sydney
August 2022
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Preface

As we were close to completing the book, Harvard Business Review published
an article entitled, Is Data Scientist Still the Sexiest Job of the 21 Century?' The
article revisits a claim made a decade ago, in a similarly titled piece about
the attractiveness of the profession.” In the recent article, the authors note
that although data science is now a well-established function in the business
world, setting up the function presents a number of traps for the unwary. In
particular, they identify the following challenges:

e The diverse skills required to do data science in an organisational
setting

* Arapidly evolving technology landscape

e Issues around managing data science projects; in particular,
productionising data science models —i.e., deploying them for ongoing
use in business decision-making

e Putting in place the organisational structures/processes and cultivating
individual dispositions to ensure that data science is done in an eth-
ical manner

On reviewing our nearly completed manuscript, we saw that we have spoken
about each of these issues, in nearly the same order that they are discussed in
the article (see the titles of Chapters 5-8). It appears that the issues we identi-
fied as pivotal are indeed the ones that organisations face when setting up a
new data science function.

That said, the approach we advocate to tackle these challenges is somewhat
unusual and therefore merits a prefatory explanation.

The approach proposed in this book arose from the professional experiences
of two very different individuals, whose thoughts on how to “do data” in
organisational settings converged via innumerable conversations over the
last five years. Prior to working on this book, we collaborated on developing
and teaching an introductory postgraduate data science course to diverse
audiences ranging from data analysts and IT professionals to sociologists
and journalists. At the same time, we led very different professional lives,
working on assorted data-related roles in multinational enterprises, govern-
ment, higher education, not-for-profit organisations and start-ups. The main
lesson we learned from our teaching and professional experiences is that,
when building data capabilities, it is necessary to first understand where
people are — in terms of current knowledge, past experience, and future
plans — and grow the capability from there.

X0



xvi Preface

To summarise our approach in a line: data capabilities should be grown, not
grafted.

This is the central theme of Emergent Design, which we introduce in
Chapter 1 and elaborate in Chapter 3. The rest of the book is about building a
data science capability using this approach.

Naturally, we were keen to sense-check our thinking with others. To
this end, we interviewed a number of well-established data leaders and
practitioners from diverse domains, asking them about their approach to
setting up and maintaining data science capabilities. You will find their
quotes scattered liberally across the second half of this book. When speaking
with these individuals, we found that most of them tend to favour an evo-
lutionary approach not unlike the one we advocate in the book. To be sure,
organisations need formal structures and processes in place to ensure con-
sistency, but many of the data leaders we spoke with emphasised the need
to grow these in a gradual manner, taking into account the specific context of
their organisations.

It seems to us that many who are successful in building data science and
analytics capabilities tacitly use an emergent design approach, or at least
some elements of it. Yet, there is very little discussion about this approach in
the professional and academic literature. This book is our attempt at bridging
this gap.

Although primarily written for business managers and senior data
professionals who are interested in establishing modern data capabilities
in their organisations, we are also speaking to a wider audience ranging
from data science and business students to data professionals who would
like to step into management roles. Last but not least, we hope the book will
appeal to curious business professionals who would like to develop a solid
understanding of the various components of a modern data capability.

That said, regardless of their backgrounds and interests, we hope readers
will find this book useful ... and dare we say, an enjoyable read.

Kailash Awati
Alexander Scriven
Sydney, September 2022

Notes

1 https://hbr.org/2022/07/is-data-scientist-still-the-sexiest-job-of-the-21st-century
2 https:/ /hbr.org/2012/10/ data-scientist-the-sexiest-job-of-the-21st-century
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Introduction

Data Science as a Sociotechnical Capability

This book is the outcome of over 35 years of collective experience gained by
us, the authors, in building data capabilities in diverse organisations, ranging
from large multinationals and technology companies to fast-growing start-
ups and small not-for-profits. Our key message is that building an effective
data capability’ is, at its heart, a problem of organisational change. This may
come as a surprise to some readers, but we suspect it will strike a chord with
those who have walked the path of building such capabilities.

As noted by many researchers (e.g. Gagné et al. 2000, Peus et al. 2009),
the success of an organisational change initiative depends on managing its
impact on those who are affected by it. Consequently, setting up a data cap-
ability in an organisation requires a careful consideration of people, tech-
nology, and, more importantly, the interactions between the two. One could
say that a data science capability is a sociotechnical® system.

The introduction of a new way of working into an organisational setting
will typically trigger reactions ranging from unbridled enthusiasm to covert
resistance. Often the enthusiasts (typically managers) will not understand
the reluctance of the resistors (typically employees who feel threatened
or undermined). These issues must be worked through collectively as the
strategy is implemented. Indeed, resolving such issues is just as important as
the more obvious decisions pertaining to skills and technologies.

The Fallacy of Strategic Alignment

The conventional approach to formulating and implementing a data science
strategy takes a technocentric view, i.e., it focuses on:
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a. Acquiring the appropriate technology and skills.

b. Aligning these to the business. This is sometimes referred to as strategic
alignment.

Given adequate budget, technology and skills are easy enough to acquire
in the market. Strategic alignment is considerably harder, and it’s worth
understanding why.

The notion of strategic alignment of technology can be traced back to an
influential paper by Henderson and Venkatraman (1989). The paper describes
the need for “aligning” the business and technology strategies of companies
and details a “Strategic Alignment Model” that purports to “guide manage-
ment practice” towards achieving this. Although it is acknowledged that
data science is distinct from other technology capabilities, in practice much of
data science strategy work takes its inspiration from this notion of alignment.
For example, as Robert de Graaf notes in his book Managing Your Data Science
Projects (de Graaf 2019):

It’s crucial for data science teams to be able to demonstrate their value by linking
their activities to their organization’s mission because there will be doubters who
believe that data science is a waste of time.

And a bit later:

The first step in developing a [data science] team strategy that achieves alignment
with the organization is a careful study of the organization’s strategy docu-
ment... Every organization has slightly different overall goals and mission...
The challenge for the data science team is to decide how the data science team
supports those goals.

The notion of alignment assumes that data science is a capability that can
be grafted on to an organisation rather than grown. This book argues the
opposite: that data science is a capability that is best grown rather than grafted.
Growing a capability is a matter of evolution, not alignment. Indeed,
alignment of the kind de Graaf mentions is difficult to achieve because the
real world has a logic of its own that tends to escape our strategy documents
and plans. So, as we will discuss later (Chapter 4), your first step is not about
studying organisational strategy documents as de Graaf suggests; it is about
defining a direction by finding and framing problems that matter to people
across the organisation. If done right, the “alignment” that strategists hanker
after will come for free. Our job in this book is to show you a way to “do it
right”.

The notion of strategic alignment has been problematised by many
academics, but none have done so as eloquently as the late Claudio Ciborra,
who wrote:
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. while strategic alignment may be close to a truism conceptually, in the
everyday business it is far from being implemented. ... If alignment was
supposed to be the ideal “bridge” connecting the two key variables [business and
technologyl, it must be admitted that such a conceptual bridge faces the perils of
the concrete bridge always re-designed and never built between continental Italy
and Sicily, (actually, between Scylla and Charybdis) its main problem being the
shores: shifting and torn by small and big earthquakes ... .

Ciborra 1997

The problem with the notion of strategic alignment is that it is an abstrac-
tion that is not “out there in the world” but resides in the heads of strategists
and the documents they produce. Plans that attempt to realise this kind of
alignment fall apart as soon as they encounter messy real-world details. This
tension between plans and reality is one of the many paradoxes inherent in
strategy development. We will revisit this in Chapter 3 where we describe the
principles of Emergent Design. The main point we wish to make now is that
it is best to avoid making detailed plans too early in the game. We realise that
this may go against everything you’ve heard or read about strategy devel-
opment, so here are a couple of stories that might help illustrate our point.
Along the way, we’ll also take the opportunity to introduce a few concepts
that are central to the approach we advocate in this book.

A Tale of Two Databases®

Many years ago, Kailash joined an organisation in the throes of change.
Among other things, they were in the process of replacing a venerable Lotus
Notes-based system with a newer Customer Relationship Management
(CRM) product. As a part of this effort, he was asked to build a system to inte-
grate data from the CRM system with other syndicated and publicly available
datasets. The requirements were complex but, fortunately, the development
team and key business stakeholders were co-located on one floor. The system
design evolved through continual, often animated, discussions over the entire
development period, in an environment characterised by openness and trust.
The system was delivered on schedule, with minimal rework required.
Some years later, he was invited to participate in a regional project aimed
at building a data warehouse* for subsidiaries across Asia. The initiative was
driven by the corporate IT office located in Europe. This was part of a new
organisation-wide strategy to harmonise a data landscape that was — to put
it mildly — messy. However, the subsidiaries thought their local systems were
just fine. They were suspicious of corporate motives which they saw as a
power play that would result in loss of autonomy over data and reporting.
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After much debate in many videoconferences, a face-to-face meeting was
called to resolve the issue.

The Wickedness of Building Data Capabilities

A few weeks before the meeting, Kailash stumbled on a 1973 paper by Horst
Rittel, a professor of design at UC Berkeley (Rittel and Webber 1973). In the
paper, Rittel coined the phrase wicked problem to describe a complex situation
that is perceived in different ways by different stakeholders and is there-
fore difficult to translate into a clear problem statement. Rittel described
ten characteristics of such problems. Although Rittel was talking about
problems relating to town and infrastructure planning, Kailash saw that the
characteristics he described applied exactly to the problem of the data ware-
house. The first column in Table 1.1 lists the characteristics according to Rittel
and the second describes the relevance of the characteristic to Kailash’s data
warehousing dilemma.

A question: how many of the characteristics in Table 1.1 apply to complex
data projects you have worked on?

When dealing with wicked problems, the trick is to find a way to surface
and reconcile diverse viewpoints. One therefore needs to make multiple
perspectives explicit in a manner that enables a group to develop a shared
understanding of contentious issues. Done right, this can lead to a resolution
of the issue, at least partially. In other words, it is about seeking diverse
viewpoints on the issue with a view to finding common ground, however
small. Our point in telling such a story at this early stage is to highlight the
wicked aspects of building new data capabilities in organisations.

As the story about the second database illustrates, data is invariably political.
Often, the department or function that collects or generates the data will, by
default, be seen as the “owner” of the data. That is, they have the mandate to
tell the story of that data and use it for reporting, forecasting, or modelling.
More importantly, they determine who gets access to the data. It is important
for strategists and analysts to be sensitive to potential political issues such as
ownership. Data professionals who overlook this aspect of their work will
come unstuck for reasons that have nothing to do with technical competence.

There is another, less obvious, political issue that is worth unpacking. It
has to do with how the data is interpreted and whose interests the interpret-
ation represents. The mainstream approach to data modelling assumes
that real-world objects and relationships can be accurately represented by
models. As an example, a data model representing a sales process might con-
sist of entities such as customers and products and their relationships, such
as sales (customer X purchases product Y). It is tacitly assumed that objective,
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TABLE 1.1

Characteristics of Wicked Problems and Their Relevance to Data Warehousing

Wicked Problem Characteristic

Relevance to the Situation

There is no definitive formulation of a
wicked problem.

Wicked problems have no stopping rule.

Solutions to wicked problems are not true-or-
false, but good-or-bad.

There is no immediate or ultimate test of a
solution to a wicked problem.

Every solution to a wicked problem is a
“one-shot operation” because there is no
opportunity to learn by trial and error;
every attempt counts significantly.

Wicked problems do not have an enumerable
(or an exhaustively describable) set of
potential solutions, nor is there a well-
described set of permissible operations
that may be incorporated into the plan.

Every wicked problem can be considered to
be a symptom of another problem.

The existence of a discrepancy representing
a wicked problem can be explained in
numerous ways. The choice of explanation
determines the nature of the problem’s
resolution.

The planner has no right to be wrong.

The formulation of the problem —
standardisation vs reporting — depended on
who was asked.

A data warehouse is never done; it evolves as
user requirements evolve.

Data architecture is an exercise in
compromise — there is no absolute right or
wrong.

Since a perfect solution does not exist, there is
no ultimate test of a solution.

Though this is not always true, there are
invariably some data design decisions
that can be extremely expensive or even
impossible to fix without redoing the entire
thing.

There are, in principle, a huge number of viable
data warehouse designs.

There are fundamental principles of data
warehouse design, but each data warehouse
is unique, reflecting the unique requirements
and technology choices of the organisation.

The discrepancy here was that we had two
conflicting approaches to designing the data
warehouse. However, this was a political
issue, not a technical one, and the politics
itself was due to differences in perception of
the situation.

The database designer would be held
responsible for the consequences of design
decisions that were made. The decision itself
was about steering a narrow course between
the Scylla of subsidiaries and the Charybdis
of corporate.

bias-free models of entities and relationships of interest can be built by asking
the right questions and using appropriate information collection techniques.

However, things are not quite so straightforward: as data professionals
know, real-world data models are invariably tainted by compromises between
rigour and reality. This is inevitable because the process of building a data
model involves at least two different sets of stakeholders whose interests are
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often at odds — business users and data modelling professionals. The former
are not interested in the purity of model; they care about how well it supports
their business processes. The interests of the latter, however, are often the
opposite. And if that wasn’t enough, there is the interest of the customer as
well — for example, about how their data is protected from unauthorised
access and the potential for misuse. We’ll discuss these issues at length in
Chapter 8.

The above reveals a truth about data modelling that is not fully appreciated
by practitioners: that it is a process of negotiation and ethics rather than a
search for a true representation of business reality. In other words, it is
a sociotechnical problem that has wicked elements. This point has been
highlighted in a brilliant paper by Heinz Klein and Kalle Lyytinen (1992).
The key takeaway from the paper is that a data model is but one possible
interpretation of reality. As such, there are many possible interpretations of
reality so the “correctness” of any model hinges not on some objective truth
but on a negotiated, best-for-group interpretation. This necessarily implies
that a well-constructed data model “fuses” or “brings together” at least two
different interpretations — those of users and modellers.

The mainstream view of data is that it asserts a truth and that data models
reflect that truth. The view we are describing here, however, makes us aware
that data models are built in such a way as to support particular agendas. Moreover,
since the people who use the model are not those who construct it, a gap
between assumed and actual meaning is inevitable. Indeed, even meaning evolves
over time as the design evolves. It has been noted that a good design not
only implements current business processes but also facilitates change (Dorst
2019). This necessarily implies that the design itself should be capable of
evolving as the group’s understanding of context evolves.

It is worth pausing here to think about the implications of the above. The
example we have discussed deals with a technical matter — the design of a
data warehouse. Even so, we see that there are wider issues that need to be
addressed before the technologists can get to work. The point we want to
emphasise here is that social and political considerations permeate the entire spec-
trum of data capability building, from the technical to the organisational.

The Notion of Emergent Design

Some years after the data warehousing story related above, Kailash found
himself in a more senior role in the same organisation, a role in which he had
responsibility for data-related work across a geographic region.

When Kailash was promoted to the new role, his boss asked him to explore
the possibility of setting up a regional development centre for analytics
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that could serve the entire organisation. There was a clear cost argument
in favour of such centre. However, given the sharply divided opinions
around offshoring, the public airing of such a proposal would cause all kinds
of reactions, many of which would be negative. The first problem was to
address those upfront.

Kailash talked to the usual suspects, a few big outsourcers and consultan-
cies, but soon realised that their aims were not congruent with his. Everything
the outsourcers said pointed to high costs and potential conflicts down the
line, such as vendor lock in and expensive contract variations.” As we will
elaborate later in Chapter 6, the hidden costs of outsourcing are much too
high. This was the second problem.

Oh, and if that weren’t enough, there was another catch: the boss told him
that there was zero budget for this at the time as it was not an official pro-
ject. Moreover, since the initiative did not exactly have backing from cor-
porate, it was unlikely to be supported in the near future. This was problem
number three.

It was around that time that Kailash came across the notion of Emergent
Design (Cavallo 2000a, 2000b), the key theme behind this book. The essential
idea is to start from where people are and take small steps, each of which
leads to demonstrable improvement. This generally requires some trial and
error, but since the investment at each step is small and the benefit is demon-
strable, it is not hard to convince the folks who sign cheques. Moreover, this
enables one to continually adjust one’s approach based on feedback from the
previous step, much like nature does in the process of evolution. Actions are
based on a given context, but the context itself changes because of the action
and thus necessitates recalibrating subsequent actions.

At this point you might be thinking “this is exactly the same as an Agile
approach —such as Scrum”. That is not so. The key difference between Agile
and Emergent Design is that in Agile, the endpoint of a sprint (or what-
ever else it is called in your favourite flavour of Agile) is well defined; in
Emergent Design, it isn’t. In the latter, we set out in a particular direction
but without a well-defined endpoint. Indeed, there is no endpoint because
new horizons open up as one proceeds, leading to new goals. This is exactly
what one wants from a good strategy; a strategy that cannot evolve is
worthless.

We'll say more about Emergent Design and how it was used to address the
above challenge in Chapter 3. For now, we will make the observation that
the way a problem is framed® — be it building a data warehouse or a data cap-
ability or anything else — is based on a range of implicit assumptions about
the underlying nature of the problem. Most often the assumptions are based
on conventional wisdom or “best practice” thinking, which leads to canned
solutions that are rarely suited to the context at hand. Indeed, every organ-
isation is unique in its details, so canned or one-size-fits-all approaches are
unlikely to work well. Finding the right solution is a matter of taking small
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steps, each of which makes a tangible difference to the business. This is a pro-
cess of wayfinding — setting out in a direction and working one’s way to a des-
tination, with details of next steps becoming apparent only as one progresses.
This is not to say that one is proceeding blind. The metaphor we like to use
is that it is akin to finding one’s way through a thick fog; you need to focus
on the immediate next step because your visibility is limited. Conventional
strategies assume that one has a clear view of the future. In reality, the future
is always foggy, which is why we advocate Emergent Design.

Given that data is political and developing a strategy is a process of
wayfinding, one is inexorably led to the conclusion that building new data cap-
abilities in an organisation is an emergent process. A technocentric approach that
focuses largely on technical aspects such as technical knowledge, standards,
and infrastructures exclusively will lead to disappointment. This is not to say
that these are unimportant. Rather it is that they must be decided based on
a deep understanding of the wider organisational context in which they will
be implemented.

What to Expect from This Book

Given the above introduction, you're probably wondering what actionable
advice you are going to get from this book. It should be clear that we are not
going to provide you with a formula complete with templates and roadmaps
based on “best practices” that you can copy-paste to your situation. Indeed,
our intention is the opposite: to emphasise that there are no best practices ...
but there are good practices. So, what is a good practice?

In the context of building a data capability, good practice lies in:

1. Understanding the current state of your organisation from the perspec-
tive of how data is currently used and how it could be used.

2. Using the understanding developed in (1), to formulate high-level
aspirational goals that set a direction rather than an objective. It is trivi-
ally true that you cannot foresee the future in all its detail. If this is so,
then you cannot know upfront where your organisation is going to end
up, so it is pointless to try and articulate that objective at the start. Focus
on the journey instead.

3. What does “focusing on the journey” entail? Essentially it means
eschewing big changes in favour of incremental and adaptive
improvements.

4. Above all, putting people at the heart of what you do.
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The value of a strategy is not in the strategy itself but in the process of
strategising — thinking about where you are right now and (keeping that in
mind) what should your next move be. By the end of this book, we hope
to convince you that not only is this a practical approach, but is one that
is superior to the conventional approach to developing data or any other
sociotechnical capabilities.

The Structure of the Book

Since the approach we propose is novel, we will shift between theory and
practice. As you go through the book, you will notice the chapters will (sort
of) alternate between the two. That said, even the theoretical chapters are
grounded via real-world examples and case studies. We hope these will help
clarify what Emergent Design is and why we think it is the best way to go
about building sociotechnical capabilities. Here’s a brief summary of the
structure of the book.

Chapter2isanintroduction to data science for managers. Chapter 3 provides
readers with a detailed introduction to Emergent Design. Chapter 4 describes
the first — and most important — step in formulating a data science strategy
based on the principles of Emergent Design. Chapters 5-8 cover in detail
various aspects of the strategy including capability and culture (Chapter 5),
technical matters (Chapter 6), an end-to-end view of the data science work-
flow (Chapter 7), data & Al governance, ethics, and privacy (Chapter 8), and
finally a closing chapter to summarise the key points and offer some tips on
selling the approach to your executives (Chapter 9).

Throughout we provide a number of vignettes based on our experiences
of building data capabilities in diverse organisations and, more importantly,
those of accomplished data leaders whose biographies appear in the front
matter. It should be noted that not all the elements discussed in this book will
be relevant for your situation. Feel free to pick and choose the bits you think
will be useful in your context. Akin to evolution, Emergent Design is ultim-
ately about doing what helps you make progress, however small.

We hope the stories related in this chapter and the commentary around
them illustrate the limitations of the conventional, technocentric approach
to building data capabilities in organisations. Along the way, we have also
taken the opportunity to introduce a couple of concepts that are key threads
that run through the book: wicked problems and Emergent Design. Our aim
was to give you a sense of the approach advocated in this book. If you're
browsing this chapter in your local bookstore, library, or online, we hope
what you have read so far has piqued your interest enough to take this book
home and read further.
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Notes

1 Note that we will use the phrases data capability and data science capability inter-
changeably in this book as we will cover both. However, our primary focus is
on building a modern data capability, which is necessarily about data science and
analytics.

2 The term “sociotechnical system” came from the work done by Eric Trist and
Ken Bamforth in the 1940s and 1950s, on the interactions between workers and
technology in coal mines in the UK (Trist and Bamforth 1951). A brief account of
the early history of the term can be found at: https:/ /eight2late.wordpress.com/
2015/04/07/from-the-coalface-an-essay-on-the-early-history-of-sociotechnical-
systems/. In recent years, the term has been picked up and used in myriad other
contexts (see Jasanoff and Kim 2013, for example).

3 This section and the following one are adapted from Awati (2021).

4 We will explain this term in Chapter 2. For now, think of it as a database that
integrates data from several different systems.

5 https://eight2late.wordpress.com/2016/05/03/ the-hidden-costs-of-it-outs
ourcing/

6 Problem framing is about defining or extracting a problem from a business situ-
ation. We’ll say more about this at various points in this book.
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