
 / 3

THE CAPCO INSTITUTE JOURNAL OF FINANCIAL TRANSFORMATION

D AT A  A N A LY T I C S
5 0 T H  E D I T I O N  I  N O V E M B E R  2 0 1 9

THE CAPCO INSTITUTE JOURNAL OF FINANCIAL TRANSFORMATION

D AT A  A N A LY T I C S
5 0 T H  E D I T I O N  I  N O V E M B E R  2 0 1 9

D ATA  M A N A G E M E N T

Data management: A foundation 
for effective data science

ALVIN TAN



Editor
Shahin Shojai, Global Head, Capco Institute

Advisory Board
Michael Ethelston, Partner, Capco
Michael Pugliese, Partner, Capco
Bodo Schaefer, Partner, Capco

Editorial Board
Franklin Allen, Professor of Finance and Economics and Executive Director of the Brevan Howard Centre, Imperial College 
London and Professor Emeritus of Finance and Economics, the Wharton School, University of Pennsylvania
Philippe d’Arvisenet, Advisor and former Group Chief Economist, BNP Paribas
Rudi Bogni, former Chief Executive Offi cer, UBS Private Banking
Bruno Bonati, Former Chairman of the Non-Executive Board, Zuger Kantonalbank, and President, 
Landis & Gyr Foundation
Dan Breznitz, Munk Chair of Innovation Studies, University of Toronto
Urs Birchler, Professor Emeritus of Banking, University of Zurich
Géry Daeninck, former CEO, Robeco
Jean Dermine, Professor of Banking and Finance, INSEAD
Douglas W. Diamond, Merton H. Miller Distinguished Service Professor of Finance, University of Chicago 
Elroy Dimson, Emeritus Professor of Finance, London Business School
Nicholas Economides, Professor of Economics, New York University
Michael Enthoven, Chairman, NL Financial Investments
José Luis Escrivá, President, The Independent Authority for Fiscal Responsibility (AIReF), Spain
George Feiger, Pro-Vice-Chancellor and Executive Dean, Aston Business School
Gregorio de Felice, Head of Research and Chief Economist, Intesa Sanpaolo
Allen Ferrell, Greenfi eld Professor of Securities Law, Harvard Law School
Peter Gomber, Full Professor, Chair of e-Finance, Goethe University Frankfurt
Wilfried Hauck, Managing Director, Statera Financial Management GmbH
Pierre Hillion, The de Picciotto Professor of Alternative Investments, INSEAD
Andrei A. Kirilenko, Reader in Finance, Cambridge Judge Business School, University of Cambridge
Mitchel Lenson, Former Group Chief Information Offi cer, Deutsche Bank
David T. Llewellyn, Professor Emeritus of Money and Banking, Loughborough University
Donald A. Marchand, Professor Emeritus of Strategy and Information Management, IMD
Colin Mayer, Peter Moores Professor of Management Studies, Oxford University
Pierpaolo Montana, Group Chief Risk Offi cer, Mediobanca
Roy C. Smith, Emeritus Professor of Management Practice, New York University
John Taysom, Visiting Professor of Computer Science, UCL
D. Sykes Wilford, W. Frank Hipp Distinguished Chair in Business, The Citadel

RECIPIENT OF THE APEX AWARD FOR PUBLICATION EXCELLENCE

THE CAPCO INSTITUTE
JOURNAL OF FINANCIAL TRANSFORMATION



10 The big gap between strategic intent and actual, realized strategy
 Howard Yu, LEGO Professor of Management and Innovation, IMD Business School

 Jialu Shan, Research Fellow, IMD Business School 

24 Data management: A foundation for effective data science
 Alvin Tan, Principal Consultant, Capco

32 Synthetic fi nancial data: An application to regulatory compliance for broker-dealers
 J. B. Heaton, One Hat Research LLC
 Jan Hendrik Witte, Honorary Research Associate in Mathematics, University College London

38 Unlocking value through data lineage
 Thadi Murali, Principal Consultant, Capco
 Rishi Sanghavi, Senior Consultant, Capco
 Sandeep Vishnu, Partner, Capco

44 The CFO of the future
 Bash Govender, Managing Principal, Capco
 Axel Monteiro, Principal Consultant, Capco

D ATA  M A N A G E M E N T

C O N T E N T S



54 Artifi cial intelligence and data analytics: Emerging opportunities and challenges in fi nancial services
 Crispin Coombs, Reader in Information Systems and Head of Information Management Group, Loughborough University

 Raghav Chopra, Loughborough University

60  Machine learning for advanced data analytics: Challenges, use-cases and best practices 
to maximize business value

 Nadir Basma, Associate Consultant, Capco
 Maximillian Phipps, Associate Consultant, Capco
 Paul Henry, Associate Consultant, Capco
 Helen Webb, Associate Consultant, Capco

70 Using big data analytics and artifi cial intelligence: A central banking perspective
 Okiriza Wibisono, Big Data Analyst, Bank Indonesia
 Hidayah Dhini Ari, Head of Digital Data Statistics and Big Data Analytics Development Division, Bank Indonesia
 Anggraini Widjanarti, Big Data Analyst, Bank Indonesia
 Alvin Andhika Zulen, Big Data Analyst, Bank Indonesia
 Bruno Tissot, Head of Statistics and Research Support, BIS, and Head of the IFC Secretariat

84 Unifying data silos: How analytics is paving the way
 Luis del Pozo, Managing Principal, Capco
 Pascal Baur, Associate Consultant, Capco

D ATA  A N A LY T I C S

94 Data entropy and the role of large program implementations in addressing data disorder
 Sandeep Vishnu, Partner, Capco
 Ameya Deolalkar, Senior Consultant, Capco
 George Simotas, Managing Principal, Capco

104 Natural language understanding: Reshaping fi nancial institutions’ daily reality
 Bertrand K. Hassani, Université Paris 1 Panthéon-Sorbonne, University College London, and Partner, AI and Analytics, Deloitte

110 Data technologies and Next Generation insurance operations
 Ian Herbert, Senior Lecturer in Accounting and Financial Management, School of Business and Economics, 
 Loughborough University
 Alistair Milne, Professor of Financial Economics, School of Business and Economics, Loughborough University
 Alex Zarifi s, Research Associate, School of Business and Economics, Loughborough University

118 Data quality imperatives for data migration initiatives: A guide for data practitioners
 Gerhard Längst, Partner, Capco
 Jürgen Elsner, Executive Director, Capco
 Anastasia Berzhanin, Senior Consultant, Capco

D ATA  I N T E L L I G E N C E



D E A R  R E A D E R ,



Welcome to the milestone 50th edition of the Capco Institute 
Journal of Financial Transformation.

Launched in 2001, the Journal has covered topics which 
have charted the evolution of the � nancial services sector 
and recorded the fundamental transformation of the industry. 
Its pages have been � lled with invaluable insights covering 
everything from risk, wealth, and pricing, to digitization, design 
thinking, automation, and much more. 

The Journal has also been privileged to include contributions 
from some of the world’s foremost thinkers from academia 
and the industry, including 20 Nobel Laureates, and over 200 
senior � nancial executives and regulators, and has been co-
published with some of the most prestigious business schools 
from around the world.  

I am proud to celebrate reaching 50 editions of the Journal, 
and today, the underlying principle of the Journal remains 
unchanged: to deliver thinking to advance the � eld of applied 
� nance, looking forward to how we can meet the important 
challenges of the future. 

Data is playing a crucial role in informing decision-making 
to drive � nancial institutions forward, and organizations are 
unlocking hidden value through harvesting, analyzing and 
managing their data. The papers in this edition demonstrate 
a growing emphasis on this � eld, examining such topics as 
machine learning and AI, regulatory compliance, program 
implementation, and strategy. 

As ever, you can expect the highest caliber of research and 
practical guidance from our distinguished contributors, and 
I trust that this will prove useful to your own thinking and 
decision making. I look forward to sharing future editions of 
the Journal with you.

Lance Levy, Capco CEO
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Since the launch of the Journal of Financial Transformation  
nearly 20 years ago, we have witnessed a global � nancial 
crisis, the re-emergence of regulation as a dominant engine of 
change, a monumental increase in computer processing power, 
the emergence of the cloud and other disruptive technologies, 
and a signi� cant shift in consumer habits and expectations. 

Throughout, there has been one constant: the immense volume 
of data that � nancial services institutions accumulate through 
their interactions with their clients and risk management 
activities. Today, the scale, processing power and opportunities 
to gather, analyze and deploy that data has grown beyond 
all recognition. 

That is why we are dedicating the 50th issue of the Journal 
of Financial Transformation to the topic of data, which has the 
power to change the � nancial industry just as profoundly over 
the coming 20 years and 50 issues. The articles gathered 
in this issue cover a broad spectrum of data-related topics, 
ranging from the opportunities presented by data analytics to 
enhance business performance to the challenges inherent in 
wrestling with legacy information architectures. In many cases, 
achieving the former is held back by shortcomings around the 
quality of, and access to, data arising from the latter. 

It is these twin pillars of opportunity and challenge that inform 
the current in� ection point at which the � nancial industry now 
stands. Whilst there is opportunity to improve user experiences 
through better customer segmentation or arti� cial intelligence, 
for example, there are also fundamental challenges around 
how organizations achieve this – and if they can, whether 
they should.

The expanding � eld of data ethics will consume a great deal 
of senior executive time as organizations � nd their feet as they 
slowly progress forward into this new territory. In my view, it is 
critical that organizations use this time wisely, and do not just 
focus on short-term opportunities but rather ground themselves 
in the practical challenges they face. Financial institutions must 
invest in the core building blocks of data architecture and 
management, so that as they innovate, they are not held back, 
but set up for long-term success. 

I hope that you enjoy reading this edition of the Journal and 
that it helps you in your endeavours to tackle the challenges of 
today’s data environment.

Guest Editor
Chris Probert, Partner, Capco
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the industry. Customers are increasingly expecting a level of 
servicing (in relation to, for example, accessibility, availability, 
privacy, security, and personalization), that can only be 
effectively delivered through fundamental uplifts in the way 
data is handled and leveraged within the organization.

However, as this article sets out, maximizing the returns on 
investment (RoI) in data science requires (1) a scalable means 
of harnessing the hidden connections, correlations, and 
relationships in the vast quantities of data available, and (2) 
a business culture that readily accepts and allows data 
science to in� uence its business strategy. It is our belief that 
a strong and mature data management capability is crucial in 
achieving both objectives.

2. WHAT IS DATA SCIENCE?

Simply put, data science is the collection of analytic methods 
and tools by which business insights can be extracted from 
statistical and semantic relationships in data. Data allows an 
organization to both develop a deeper understanding of what 
has happened, and also make stronger predictions as to what 
might happen. Drawing upon a variety of disciplines covering 
applied mathematics, information technology, computational 
theory, and data visualization techniques, these methods and 

ABSTRACT
Data sourcing and cleansing is often cited by data scientists to be amongst the most critical, yet most time-consuming 
aspects of data science. This article examines how data management capabilities, such as data governance and data 
quality management, can not only reduce the burden of data sourcing and preparation, but also improve quality and trust 
in the insights delivered by data science. Establishing strong data management capabilities ensures that less time is spent 
wrangling data to enter into an analytics model and more time is left for actual modeling and identi� cation of actionable 
business insights. We � nd that organizations that build analytics data pipelines upon strong data management foundations 
can extract fuller business value from data science. This provides not only competitive advantage through the insights 
identi� ed, but also comparative advantage through a virtuous circle of data culture improvements.

DATA MANAGEMENT: 
A FOUNDATION FOR EFFECTIVE DATA SCIENCE

1. INTRODUCTION

In the past decade, competitive threats from new market 
entrants, heralded by the digital revolution, are placing ever-
increasing pressures on margins within the banking industry. 
New arrivals from the digitally-savvy � ntech sector are free 
from legacy thinking and infrastructure, and traditionally non-
banking organizations are increasingly looking to cross-sell 
� nancial services to their large existing customer bases. Both 
types of entrants possess substantial comparative advantages 
over traditional banks, which is causing a signi� cant disruption 
of the banking landscape. 

Whether it is seeking to gain an advantage or simply to protect 
market share and keep up with the competition, this has 
resulted in a rapid advancement of digital agendas at more 
traditional banks. Increasing digitization, of course, means 
increasing dependence on, and generation of more, data. 
Combined with data from existing ‘analogue’ operations, as 
well as access to a sea of current and historic market data, 
banks are increasingly looking for ways to make all their data 
work for more than it was originally intended. 

It is against this backdrop, in the hunt for net margins and 
differentiation of products/services, that data science is fast 
becoming a key capability for old and new players alike in 
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tools encompass the most basic of spreadsheet-based data 
analyses to complex machine learning (ML) and inferential 
arti� cial intelligence applications.

Financial services organizations (FSOs) leverage data science 
in a variety of ways to discover new opportunities and 
make data-driven decisions around risk management and 
operational ef� ciency. Use-cases range from developing better 
customer relationships, and understanding of preferences, to 
predicting employee behavior and detecting � nancial crime – 
data science can be applied in any function that generates or 
has access to data. The overall idea is that these insights can 
then be turned into actionable business strategies that would 
otherwise not be visible to an organization. 

DATA MANAGEMENT  |  DATA MANAGEMENT: A FOUNDATION FOR EFFECTIVE DATA SCIENCE

For all the zeitgeist, however, data science, as the name would 
suggest, is still a data-driven discipline at heart. Regardless of 
method or complexity, a common process exists for all data 
analytics processes (Figure 1): the data must � rst be sourced 
and prepared for inputting into the analytics, and the analytics 
output must then be evaluated by the data scientist who then 
communicates any insights to decision makers.

The implication is that the intended insights and business 
value of the analytics can only ever be as good and reliable 
as the data that underpins it. Or in other words, “garbage in, 
garbage out”, and when it comes to data science, there is 
more than just a nugget of truth in this well-worn cliché. 

Figure 1: Data analytics processes
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3. LIES, DAMNED LIES, AND STATISTICS

As a capability, data science is only effective if it ultimately 
provides positive value – the analytics results must serve a 
business purpose. Increasing the effectiveness of a data 
science capability means producing insights that can be 
trusted so that decision makers can turn these into strategies, 
which when executed produce business outcomes that are in 
line with the expectations set. This in turn drives a virtuous 
circle where data science is increasingly placed at the heart of 
an organization’s strategic decision making.

‘Garbage out’ – incorrect, misleading, meaningless, or 
otherwise unusable data science output – causes non-optimal 
strategies and misguided business decisions at best, and 
� nancial and reputational damage at worst. This not only 
reduces the business value of the immediate results, but 
also erodes the trust that decision makers will have in future 
results, breaking the circle.

Here the issue of trust is key. Regardless of how powerful, 
accurate, or statistically reliable the results are, the data 
science capability itself needs to be trusted for decision 

makers to turn the analytics results into business strategies. 
Establishing, retaining, and growing this trust requires 
business outcomes that are consistently in line with the 
expectations set by the communicated results. 

In the evaluation of data science insights, qualifying the results 
with a degree of con� dence sets expectations as to how reliable 
the conclusions are. Con� dence is provided quantitatively by 
an array of statistical measures, such as con� dence intervals, 
p-values, and r-squared values. It is also provided qualitatively 
by descriptive interpretation of the statistical results, caveating 
the assessment with any risks to the reliability of results due to 
the assumptions made, model speci� cation, sampling, or data 
quality issues. Together, these form the basis of trust between 
the data scientist and the decision maker.

Full and appropriate quali� cation of results with known 
reliability issues is simply good scienti� c methodology. 
Failure to evaluate results properly is something that should 
be vigorously guarded against by any number of educational, 
procedural, or ethical controls within the data science 
capability itself.
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More damaging to trust, however, are the unknown unknowns 
– when there is an incomplete picture of the reliability and 
where this fact is not itself known. The causes may stem from 
issues associated with the scienti� c methodology, as well as 
from data scientists having misplaced assumptions in the 
semantics, provenance, and quality of the underlying data. The 
results cannot be quali� ed with something the data scientist 
is unaware of, and this unknowingly sets false con� dence in 
the results. 

This is even more pertinent with data science applications that 
involve probabilistic outcomes, such as machine learning. In 
such circumstances, the results are determined from a series 
of learned outcomes using training datasets. If con� dence 
information is not built into the training process and the 
learned outcomes adjusted accordingly, the wrong outcomes 
are learned, and there will likely be signi� cant systemic biases/
errors in the � nal results. 

In all cases where the reliability of outcomes is not clearly 
and accurately determined, signi� cant damage to trust can 
happen. If analytics results are communicated and acted upon 
at face value, without knowledge of underlying issues in either 
the data or the analytics, business outcomes will likely become 
divergent from the expectations set. 

In short, if making no prediction at all is better than providing 
a false one, then having no data is better than not knowing 
you have bad data. If data science is to be invested in as a 
strategic capability, then it is necessary to build trust in data 
science with decision makers. This not only requires the 
adoption of sound scienti� c methodologies, but also a cost-
effective mechanism of ensuring data issues are managed, 
made known, and resolved.

These can be summarized into two key data management 
requirements for analytics processes: understanding and 
obtaining the right data, and � xing the data obtained.

3.1 Understanding and obtaining the right data

With model-led analytics (e.g., machine learning) the data 
scientist inputs data into an existing analytical model in order 
to ascertain its accuracy and viability. In this paradigm, the data 
scientist must � rst understand the semantics of what data is 
to be sourced so that the conceptual and contextual speci� cs 
of the required data can be speci� ed. The data scientist must 
then determine where to source the speci� ed data from, 
which requires an understanding of data provenance in order 
to ensure data is sourced appropriately.

DATA MANAGEMENT  |  DATA MANAGEMENT: A FOUNDATION FOR EFFECTIVE DATA SCIENCE
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Data semantics and data provenance are also crucial for 
data-led analytics such as data mining. In this paradigm, the 
data scientist identi� es correlations within a given dataset 
and derives a theory or hypothesis from the observed results. 
As such, the semantics and provenance are not required to 
source the data, but to understand what and where the data 
has been sourced from so that the results can be appropriately 
understood and quali� ed.

In both paradigms, an understanding of data semantics and 
data provenance are critical for ensuring that the analytics has 
the right data:

•  The data that is needed must be properly and 
unambiguously de� ned. To the uninitiated this seems 
like a trivial task, but the devil is in the detail and getting 
it wrong risks the analytics being run over the wrong 
data entirely. This involves identifying and establishing 
a shared understanding with potential data providers of 
what is required. If the data scientist wants ‘customer 
name’, for example, then an agreement must be made 
with the provider as to whether ‘name of account holder’ 
means the same thing semantically. In this example, 
there are many hidden nuances: does customer name 
include prospective or former customers? Does name 
of account holder cover mortgages, or current accounts, 
or both? Arriving at a mutual understanding is no simple 
task without a commonly agreed understanding of the 
de� nition, taxonomy, and ontology of the data.

•  The data that is obtained must be representative of the 
population. An unrepresentative sample, for example 
where data obtained only represents speci� c subsets of 
the required population biases analytics outputs. As an 
example, if retail banking customer names are required, 
then it is important to ensure that the data is sourced from 
a provider that aggregates customers for all retail banking 
products, and not just, say, mortgages. Resolving this 
sourcing challenge requires not only accurate semantic 
articulation of the data required, but also an understanding 
of where this data can be reliably obtained.

3.2 Fixing the data obtained

Once sourced, data may still contain data quality issues 
that must be properly understood and resolved prior to 
analytics. Resolving and correcting for data quality issues 
is a data cleansing process that forms a critical part of the 
analytics preparation.

Poor quality data inputs can manifest in a variety of ways:

•  Data may contain gaps, which if not corrected at source, 
accurately inputted, or omitted entirely, biases the output.

•  Similarly, data may contain duplicates, which if not omitted 
will also result in biases.

•  Data may not conform to an expected format, which if not 
corrected may at best break the analytics model, or at 
worst cause the results to become heteroscedastic (where 
the statistical results falsely suggest that the data comes 
from more than a single population distribution).

•  Data may contain errors, which if not corrected will reduce 
the accuracy of the results.

•  Data may be out of date, and the relationships inferred 
may no longer be applicable.

•  Data may not be granular enough or sample size may be 
insuf� cient, both of which weaken explanatory power and 
the signi� cance of outcomes.

To go back to our cliché, the ‘garbage in’ – incorrectly 
de� ned, inaccurate, incomplete, or otherwise poor quality 
data entered into an analytics process – is a primary limiting 
factor on the usefulness and reliability of analytics results. If 
providing quality inputs helps to ensure quality outputs, then 
having a cost-effective mechanism for understanding and 
resolving issues in sourced data is critical for improving the 
effectiveness of a strategic data science capability. This cost-
effectiveness is provided by ensuring an effective centralized 
data management capability is in place.

4. MANAGING THE INPUTS

If what you get out of an analytics process is only as good as 
what you put in, then producing good outputs at scale requires 
cost-effective ways of controlling the inputs. For effective data 
science, it is just as critical to understand whether or not bad 
inputs exist, as it is to remediate them.

Good data scientists already know this.

Due to the criticality of ensuring an analytics process is 
provided with good inputs, data science projects often 
allocate a seemingly disproportionate amount of time, effort, 
and resources to simply preparing data for the analytics. The 
required data needs de� ning and describing semantically, 
trusted sources need to be identi� ed, data quality needs to 

DATA MANAGEMENT  |  DATA MANAGEMENT: A FOUNDATION FOR EFFECTIVE DATA SCIENCE
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be measured, and issues identi� ed and controlled. As we have 
already discussed, these are necessary activities to ensure 
that the end results are reliable and that decision makers 
continue to trust in the results.

De� ning what is needed, identifying where to get it, and data 
cleansing are, therefore, the data management requirements 
of analytics processes.

However, these are also hugely time and resource intensive 
activities. By some estimates, 80% of project time is typically 
spent preparing data for an analytics project.1 Even for an 
organization actively seeking to become more data-driven, 
this is dif� cult to scale across more than just a handful of 
projects, and signi� cantly raises the bar for a data science 
project to be viable through its bene� ts. In the bigger picture, 
organizations must � nd ways to minimize bad data provided to 
their data science projects, while also minimizing the marginal 
cost of doing so.

The answer is to ensure an effective data management 
capability is in place, providing the scale economies necessary 
for making more data science projects cost-effective. 

An organization’s data management capability provides a set 
of centralized, scalable services for describing what the data 
means, for understanding and recording where the data comes 
from, for maintaining good quality data, and for ensuring the 
roles and responsibilities for data management are effectively 
discharged (Figure 2). Brie� y, this includes:

•  Semantics: data is given commonly agreed and 
understood de� nitions, is placed in a commonly 
known taxonomy and ontology so it can be categorized 
accordingly, and semantic relationships between data 
is clear. De� ning the semantics of data can also include 
conceptual modeling of data in order to understand the 
hierarchy, ordinality, and cardinality of data relationships 
with business concepts and data domains.

•  Provenance: the sources of data, and path taken to 
where it is consumed, are identi� ed and documented. 
Depending on the granularity at which this lineage is 
captured, this can involve identifying the aggregations and 
transformations en-route. Under provenance, sources of 
data can be certi� ed as ‘trusted’ if applicable governance 
(see below) criteria are met.

Figure 2: Organizational data management capability
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Figure 3: Moving to centralized data management for data science

TRUSTED SOURCES

1 CrowdFlower, “2016 data science report,” https://bit.ly/2TtLN2c
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•  Quality: various quality dimensions such as completeness, 
conformity, consistency, validity, accuracy, and timeliness 
of data are measured and published/reported on a periodic 
basis. Issues are formally tracked, often against service 
level agreements de� ned against the material criticality of 
the data/process being impacted.

•  Governance: the policies, processes, accountabilities, 
and responsibilities by which effective data management 
is de� ned, monitored, and enforced. Governance acts as 
a demand-management mechanism for ensuring data 
management activities are prioritized. Moreover, data 
governance provides an assurance to data consumers 
(such as data scientists) that governed data taken from 
trusted sources is well de� ned, meets minimum thresholds 
for data quality, and that data quality issues are formally 
managed and remediated.

Without a vision for streamlining the servicing of these 
requirements, an organization’s data science can easily 
devolve into a web of hit-and-miss, fact-� nding engagements 
between analytics projects and potential providers, as each 
project independently seeks to � nd the right data from the 
right sources.

A centralized data management capability provides the 
hub of data services and expertise that effectively allows all 
processes, analytics or not, to outsource their data management 
requirements. In such a setup, the centralized capability actively 
maintains a library of semantically de� ned data along with their 

trusted sources, allowing service users to quickly understand 
what they need and where to get it, avoiding unnecessary 
fact � nding (Figure 3).

There are several bene� ts to this. Firstly, the data semantics 
(de� nition, taxonomy, ontology, and modeling) and data 
provenance (lineage and trusted sources) services offered 
not only free valuable time and effort for data scientists to 
focus on the actual analytics, but also ensure more reliable 
and explainable analytics results.

Secondly, it acts as a governing body for all data management 
in the organization and ensures that the outcomes are 
available for all processes. This allows for incremental gains 
as the knowledge (semantics, provenance, and quality) built 
from one project adds to the existing body of knowledge from 
others. From the data science perspective, the cost of data 
management is greatly reduced as data science projects bene� t 
from the efforts of not only other data science projects, but 
also of the entire gamut of regulatory and transformational 
programs that occur in a modern FSO. For example, bad quality 
data is no longer remediated at the point of consumption by 
each data science project, but at the point of origination, 
therefore bene� tting all consumers (data science and non-
data science alike).

Thirdly, a centralized data management capability allows 
analytics processes and models to be de� ned in terms of a 
globally accepted semantic model. This allows for analytics 
results to be de� ned and communicated in a common 
business language, which in turn enables better interpretation 
and understanding of results amongst decision makers.

5. IMPROVING THE DATA CULTURE

We have already described how trust in analytics outputs 
is key for driving an effective data science capability, and 
that signi� cant components of this trust are reliant on the 
cost-effectiveness of ensuring analytics processes have 
‘good’ inputs.

However, regardless of how trustworthy analytics results are, 
decision makers do not habitually act on these insights. This 
is especially the case with data mining insights that are often 
produced in � nancial services with little business sponsorship 
and poorly de� ned/planned business implementation.

What is often missing, therefore, is not just trust, but also the 
willingness of decision makers to take the insights on board 
and operationalize them. This willingness stems from an 
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Figure 4: Building a strong data culture
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inherent mindset or culture for data-driven decision making, 
where decision makers actively drive the data science process 
and are invested and interested in the outcomes. In a strong 
data culture, decision makers place data science output on 
equal footing to more traditional mechanisms, which are more 
reliant on experience and intuition.

An effective data management capability helps to foster a 
strong data culture. As previously described, data governance 
is a key data management service that ensures the effective 
discharge of data management roles and responsibilities. 
Crucially, this involves ensuring data owners and stewards are 
not only identi� ed but are actively engaged in the governance 
and management of data. These data owners typically include 
the same decision makers that analytics projects provide 
insights to. 

In this way, an effective and mature data management 
capability helps strengthen the data culture of an organization 
by actively involving decision makers in the governance of the 
very data that is used to provide insights back to the decision 
maker (Figure 4). This completes the circle – not only is trust 
greatly enhanced, becoming an implicit outcome rather than 
an explicit result of the data science, but it also helps to 
engender the data culture where decision makers are willingly 
at the heart of data-driven decision making.

6. CONCLUSION

Data science is effective when decision makers regularly 
make business decisions from the analytics insights, and 
the business outcomes are consistently in line with the 
expectations. These goals require trust and willingness on 
the part of the decision maker to operationalize the business 
insights provided by the analytics.

A data management capability helps build the willingness 
by fostering a data culture that puts decision makers at 
the forefront of data-driven decision making, and not data 
scientists. This is done through actively involving data owners 
in the governance of the data, which is used to provide insights 
to them.

Trust is built by ensuring business outcomes are consistently 
in line with expectations. This requires expectations to be 
properly set, which in turn requires the semantics, provenance, 
and quality of data inputs to the analytics be de� ned and 
known – ‘good’ inputs. While very time-consuming and 
resource intensive to perform for each data project in a silo, 
economies of scale are achievable by outsourcing these 
data management requirements to a centralized data 
management function.
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In summary, more cost-effective, more reliable, and better 
understood analytics results build trust in the data science 
capability. Coupled with improving willingness of decision 
makers to operationalize analytics insights through mature 
data governance, implementing a mature data management 
capability is, therefore, essential in ensuring data science is 
cost-effective and has scalable impact.

In the hierarchy of needs, therefore, data management is 
the foundational layer for good data science and data-driven 
decision making (Figure 5). 
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