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Preface

Comparing the capacity of computers to the capacity of the human brain, I've
often wondered, where does our success come from? The answer is synthesis,
the ability to combine creativity and calculation... into a whole that is much
greater than the sum of its parts.

How Life Imitates Chess, Garry Kasparov (2007)

Data analytics is a crucial process in today’s data-driven world. It involves
collecting, cleaning, transforming and analyzing data to uncover useful information,
insights, trends and patterns which inform business strategy, decision-making and
process optimization. Traditionally, data analytics was a manual process requiring
data scientists and analysts to prepare and process data before analyzing them. This
was both tedious and time-consuming. The advent of machine learning and artificial
intelligence (AI) has transformed data analytics by automating some parts of the
process.

Generative Al models, like ChatGPT, are at the forefront of this automation
revolution in data analytics. These large language models can understand human
prompts and generate coherent and human-like textual responses. They are trained
with massive text datasets, enabling them to perform a variety of language-based
tasks. Generative models, such as ChatGPT, can be fine-tuned for specific
applications, including data analytics.

We can consider these generative Al models as children with unlimited potential.
The data scientist’s role is to nurture these models, train them and help them grow —
just as parents do with their children. In the beginning, these models are like
children — they have immense capabilities, but need guidance to realize their
potential.
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The data scientist trains them step-by-step, teaching them the different tasks,
operations and functionalities required for data analytics. This includes data pre-
processing, cleaning, feature engineering, modeling, evaluation and explanation.
Models are trained thoroughly, across diverse datasets, learning the nuances of each
analytical task.

Gradually, just as a toddler learns to walk, talk and eat solid foods, generative
models become capable with regard to various data analytics workflows. With each
iteration, their skills improve: they learn to handle diverse datasets, manage missing
values, transform features, select optimal models, critically assess performance and
generate data-driven insights.

After extensive training on a wide range of datasets and analytical tasks, these
generative models evolve from toddlers into mature analytical assistants. They move
from simple memorization of problem-solving techniques to the development of true
conceptual understanding. The models wunderstand why particular data
transformations, models and evaluations are appropriate for given scenarios.

In a way, they develop inductive reasoning and deductive logic, just like humans.
They understand the principles and evidence-based principles that underlie data
analytics workflows, rather than simply memorizing mechanical instructions. This
conceptual understanding is what distinguishes generative Al from prior rule-based
expert systems.

Thus, when a data scientist prompts a mature, well-trained model like ChatGPT
to perform analysis, it deeply understands the request, rather than simply matching
keywords. It draws on its conceptual knowledge to analyze the dataset, select
optimal techniques, generate insights and explain the reasoning behind them. And it
does so at superhuman speeds, leveraging the computing power of Al

But does that make these generative models smarter than humans? The answer is
no. At least not yet. Although they can outperform humans on narrow tasks within
their training domain, these AI models lack generalized intelligence. Human
cognition crucially remains far more advanced.

Unlike generative models, humans possess common sense, intuition,
imagination, social intelligence, sensitivity and generalized reasoning capacities. We
can creatively solve new and open problems that intersect several domains. Humans
also have better judgment, wisdom and morality, which temper our technical
capabilities with ethics and responsibility.

So, while ChatGPT can analyze datasets and quickly generate information, it
lacks the general critical thinking skills to deeply understand implications and assess
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ethics. Its intelligence is circumscribed by its training data and purpose. It cannot
reason its way through completely new scenarios, as humans can through transfer
learning.

That said, narrow Al models offer complementary advantages to human
intelligence. Their prodigious memory and computational speed enable exhaustive
data analytics. Their lack of bias and fatigue ensure consistent performance. In this
way, they endow humans with superhuman data processing capabilities.

Rather than competing with Al, we can collaborate with it — combining human
wisdom and ethics with AI’s productivity and precision. Together, we evolve data
analytics and make it more insightful and responsible. But humans must remain in
the loop to provide guidance, assess implications and ensure alignment with ethics.

An ideal symbiosis is one where humans manage creative and strategic tasks
requiring reason, ethics and imagination, while Al accelerates repetitive analytical
tasks requiring memory, computation and precision. Similar to Iron Man deploying
the Al assistant JARVIS to enhance his human capabilities.

So, while the gap between human intelligence and Al persists, narrow Al models
like ChatGPT are still in their infancy. Their capabilities will continue to grow
exponentially thanks to increased data size, computing power and algorithmic
advances. One day, they may even cross the threshold into artificial general
intelligence (AGI).

But for the time being, generative Al enhances rather than replaces humans when
it comes to data analytics process. It takes care of the tedious parts, allowing data
scientists to focus on creative, high-added-value tasks. It is becoming an
indispensable analytical assistant that continues to learn — like a child who grows into
an adult over the years with careful attention.

The key is for humans to guide the development of these generative models in a
thoughtful and ethical way. We need to focus on beneficial objectives and monitor
for harmful biases or abuse. With judicious care and training, Al can usher in an era
of augmented analytics — where human and machine intelligences meet and
converge for more powerful, yet ethical, data insights. But the human must remain
the supervising parent for the Al child.

Rather than wondering when Al will surpass human intelligence, we should focus
on how to cultivate beneficial and ethical Al applications today. Generative models
like ChatGPT are impressionable children that will shape the future based on the
guidance they receive. Data scientists have a profound opportunity and



xii  Automated Data Analytics

responsibility: to educate these Al “children”, so that they become responsible and
collaborative allies instead of impenetrable adversaries.

Just as teaching helps humans to consolidate our own knowledge, the training of
Al models requires us to thoroughly evaluate our hypotheses, biases and best
practices. Al development is as much about advancing our own intelligence —
codifying disciplines into coherent frameworks, evidence-based principles and
methodologies.

Collective training of generative models advances human knowledge across
domains. This requires distilling nebulous issues into structured frameworks;
formalizing messy tasks into step-by-step workflows; and crystallizing weakly
defined domains into rigorous first principles. Teaching AI models through
examples helps us to better evaluate solutions, generalize insights and formalize
ethics for humans as well.

The future of data analytics is humans and Al working together — combining the
human’s imaginative definition of problems, ethics and strategic judgment with AI’s
vast memory, exhaustive computation and high-velocity analytical workflows. Neither
can match the synergistic value of the two intelligences combined. Data science
augments both human and artificial intelligence.

The time has come to actively train this child prodigy: ChatGPT! It holds
enormous potential to enhance human capabilities if nurtured properly. We need to
nurture it carefully — teaching analytical skills while emphasizing ethics, exposing
ChatGPT to a variety of data and scenarios under supervision, so that it moves from
mechanical regurgitation to contextual comprehension.

So, let us therefore guide these generative models with wisdom and kindness.
Let us instill analytical techniques with values and ethics, guiding them from
innocence to maturity. And let us develop artificial intelligence that makes
individuals responsible instead of replacing them. Models such as ChatGPT are still
in their maturing stages. With the careful supervision of researchers concerned with
data ethics, they could evolve into assistants, opening up new horizons of ethically
guided discovery, and collaborating more fruitfully with human than they could
achieve on their own.

Just as Garry Kasparov’s quote states, human success arises from our ability to
synthesize the creative and intuitive aspects of cognition with the computational and
analytical aspects. When we combine these complementary modes of thinking and
reasoning, the result is an emergent intelligence that simply exceeds the linear sum
of creativity and calculation. There are synergies and amplifying effects that result
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from the fusion of different thinking styles, which makes us unique as human
beings.

Synthesis creates something with expanded potential and capabilities beyond
what creativity or calculation could achieve individually. It is this integration that
allows us to shine. This is what Kasparov believes the human brain excels at,
compared to computers.

Kasparov’s quote eloquently captures the spirit of the collaboration between
humans and AI that we advocate for in this book — combining complementary
strengths for amplified potential. Just as the synthesis of creativity and computation
expands human cognition, the integration of human ingenuity with the analytical
power of Al opens up new frontiers in data science.

When we design responsible workflows that harness both modes of intelligence,
the results can far exceed their individual contributions. A capacity emerges from the
thoughtful combination of human ethics and supervision with artificial productivity
and rigor. This book provides frameworks for harnessing these synergies to advance
data analytics. The future holds exciting possibilities as we forge partnerships
between hearts and minds.

July 2024






Introduction

Imagine this: a seamless and interactive experience where you communicate
effortlessly with your data, unravel their mysteries and uncover hidden insights
through an engaging conversation. This vision can become a reality thanks to recent
advances in artificial intelligence (Al) in data analytics.

The data-driven world is increasingly turning to Al to speed up and improve
analysis. More specifically generative Al models, such as ChatGPT, are automating
the process of interacting with data to discover insights. These generative models
have immense potential as analytical assistants if developed responsibly under
human guidance.

Just like a curious child who continually asks questions, generative Al enables
fluid and intuitive exploration of datasets without the constraints of predefined
queries or static reports. Users can engage in an ad hoc and open-ended dialogue,
where the path is guided by emerging insights rather than being limited to pre-planned
paths.

This creative symbiosis between humans and machine remarkably amplifies the
analytical process. Domain experts provide strategic thinking, intuition, monitoring
and ethical judgment. Meanwhile, intelligent AI agents handle the difficult
computational tasks — rapid analysis of plain-language questions, analyzing huge
datasets and generating interactive responses in natural language.

For example, prompted by a human analyst to evaluate sales patterns, ChatGPT
could respond with high-level trends, correlations and high-level hypotheses it has
identified by rapidly analyzing sales data. The analyst can then interpret these insights
critically, ask follow-up questions to validate hypotheses and direct the Al to explore
new perspectives.
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This collaborative analysis is far more exploratory and multidimensional than
static queries or predefined reports. It combines the framing and monitoring of
human imagination with the exhaustive computational power of Al for an
exhaustive and open exploration. Insights emerge more organically, guiding data
analysts towards unexpected paths and serendipitous discoveries.

Generative Al augments the human analyst by automatically aggregating,
processing and visualizing volumes of data exponentially faster than manual analysis.
But it is human creativity that sparks new threads of inquiry, asks “why” and “how”,
and connects analytical dots to extract meaning and implications.

The Al assistant finds signals buried in the massive noise. The human provides the
contextual framework for interpreting signals into meaningful information. Together,
they can unravel complex phenomena by intimately engaging with the raw data
through a natural conversational flow.

This fluid and unconstrained approach enables data scientists to seamlessly
traverse granular detail and broad trends as required. They can quickly zoom in on
micro-level data points if something appears anomalous, then zoom back out to
visualize macro-trends — spotting unusual events within wider contexts.

A key advantage is that generative Al allows humans to guide the analysis
intuitively using natural language, without the constraints of structured queries or
predefined analyses. No need to know programming languages or database schema.
Users can engage in conversation as the process evolves.

This makes data exploration more accessible to a wider audience beyond just
data scientists. Business leaders, frontline staff and others can participate,
encouraging diverse analytical perspectives. The Al assistant becomes the great
equalizer, enabling more stakeholders to unlock insights from data via a natural
conversation.

Of course, like any child learning a skill, an Al assistant requires extensive
training under human supervision to become proficient. It must ingest a myriad of
datasets and scenarios to move from the mechanical analysis of queries to a true
understanding of the principles and trade-offs involved when interacting with data.

Data scientists must teach these conversational models the nuances of analytical
workflows — how to manage ambiguity, validate hypotheses, identify limitations,
avoid bias, present information responsibly, etc. Ethics and responsibility must be
emphasized, as models progress from innocence to maturity.
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But once properly developed, generative Al assistants, like ChatGPT, can
automate the laborious aspects of data analytics, while humans focus on high-level
creative supervision. This enables exponential scaling of data exploration while
maintaining a human-led direction. With sufficient guardrails, Al can even suggest
new analytical paths for humans to evaluate.

Of course, generative Al has its limitations. Unlike humans, these models lack
any real semantic understanding, beyond pattern recognition in training data. They
also lack human judgment, intuition and ethics. Unconstrained automation could lead
to misleading insights or generalized bias.

As a result, human guidance is crucial when deploying generative Al. Data
scientists must assess the ethics, assumptions and blind spots behind any insights
generated by Al. Generative conversational models are still, ultimately, narrow Als,
contrary to generalized human cognition. They excel only in their trained domain.

The ideal symbiosis is rapidly prompted, human-supervised, generative Al
mechanical analysis. But humans provide the global framing, subjective judgment
and moral responsibility for interpreting, validating and acting on ideas, both
critically and ethically.

Neither humans nor machines alone can match the amplified intelligence of their
collaboration. Together, they can mine both granular detail and big-picture meaning
to uncover hidden insights in massive and complex data. Al expands the scope of
analysis exponentially, while human creativity and ethics anchor it responsibly.

Generative Al promises to take data exploration to new frontiers by enabling a
natural, fluid form of interactive analysis. But careful design and monitoring are
essential if such automation is to be developed ethically and responsibly. When
combined with human creativity and ethics, generative Al can open up new horizons
of amplified analytical intelligence and accelerated discovery.

As data grows exponentially, Al will become an indispensable partner to
augment human analysts. These models are still maturing children. Under the
tutelage of responsible data scientists, they could become trusted analytical allies
operating under the compass of human values to extract the maximum value from
data for the benefit of society.

Why this book?

The emergence of Al has given rise to visions of a future where analytical tasks
are fully automated by intelligent algorithms far exceeding human capabilities. This
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narrative evokes both excitement at the possibilities and apprehension at the
implications of handing over decision-making power to Al systems devoid of human
values. It imagines a world where generative models like ChatGPT rapidly displace
humans’ footing in data science.

But this dystopian vision fails to take into account the enduring nature of human
ingenuity and ignores the narrowness of contemporary Al technologies. As analytical
automation is indeed accelerating, thanks to models like ChatGPT, they remain
beneficial enhancements to human intelligence, more than adversaries. When
developed responsibly, Al systems can amplify human potential to unlock new
frontiers in data-driven insights and value creation.

However, careless implementation, focused solely on efficiency, risks
undermining human action and responsibility. Maximizing the transformative power
of Al-driven analytics requires respect for human ethics and surveillance throughout
the process. This balance remains crucial, but precarious in the age of automation.

That is why this timely book, Automated Data Analytics: Combining Human
Creativity and Al Power using ChatGPT, serves as an indispensable guide to the
modern analytical frontier. It charts a prudent course, one where human imagination
and ethics harness automation to elevate, rather than overwhelm, human capabilities.
The book advocates thoughtful collaboration with Al, and not abandonment.

And this collaborative approach is, indeed, the wisest course. Because at their core,
contemporary Al models like ChatGPT remain narrow and limited by the patterns
contained in their training data. Although they can perform defined tasks at
superhuman speeds, they lack generalized intelligence capabilities.

What we need is a harmonious fusion of the forces of human creativity, ethics
and surveillance with the relentless analytical excellence of Al on vast datasets.
Neither humans nor machines alone can match the amplified intelligence unleashed by
their symbiosis. The book provides frameworks for productively structuring this
collaboration for maximum collective benefit.

By shedding light on the inner workings, development processes and inherent
limitations of AI systems, the book enables smoother integration into analytical
workflows. Laying bare their technical realities helps to delimit optimal roles that
emphasize the specialized strengths of humans versus machines. We can design
complementary human—Al partnerships by assigning appropriate tasks based on
contextual capabilities.

Humans must take the lead in framing problems, interpreting solutions and
thinking globally, while Al undertakes data processing, calculation and in-depth
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analysis. This book discusses various interaction models that enable a continuous
flow between human creativity and the machine’s productivity to constantly
improve the discovery process.

It highlights techniques to better expose the model’s decision logic, in order to
increase trust and accountability. Continuous surveillance of model behavior and
fail-safe guardrails are emphasized to ensure safety and prevent harmful abuse. The
book also strongly advocates for maintaining sustainable human values and ethics at
every stage of analytical automation to keep progress aligned with social benefits.

It explores frameworks for adapting to society and developing specialized human
capabilities that unlock unique synergies with Al All this is geared
towards developing Al-driven analytics in a responsible way for collective human
elevation. The book envisions an augmented intelligence, wherein humans and machines
elevate each other, not Al supremacy over humanity.

Mainly, it lays the foundations for the ethical integration of automation into the
analytical workflow — from strategic problem definition where humans lead, to
iterative collaboration where both participate seamlessly, to evaluative surveillance
where human judgment remains essential. This makes it possible to benefit from
productivity gains without giving up creativity or responsibility.

The book comes at an opportune moment when Al is transforming analysis, but its
capacities remain nascent and impressionable, like a young child. It underlines our
responsibility as developers, leaders and citizens to wisely guide Al’s progress from
these formative stages to broader social benefit. The choices we make today will
determine the long-term trajectory of artificial analytical intelligence.

And the book equips us to make these choices wisely by demystifying Al
highlighting its strengths and weaknesses, and providing ethically based normative
advice. Whether you are excited or anxious about the revolution of automation, this
book is an indispensable decision-making tool for navigating the future analytically.

Its frameworks, examples and principles enable us to integrate analysis
responsibly with a human-centered perspective. You will get comprehensive,
balanced clarity on collaborative opportunities that elevate without undermining
human agency. And it champions respect for ethics as a guiding compass in the
development and application of analytical Al.

This book inspires a future where Al makes data insights available to the whole
of society for the common enrichment of human life. Its sound advice steers
analytical automation in a prudent direction that amplifies human potential
exponentially while keeping humanity firmly in control. The possibilities are
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breathtaking if we move forward guided by the human values and spirit of
collaboration that this book seeks to inspire.

Who this book is for

This book serves as an indispensable guide for the various stakeholders
navigating the early stages of amplified analysis.

For data scientists and analytics teams, it provides actionable frameworks for
working responsibly with AI while retaining human creativity and human
supervisions. The book’s insights will enable thoughtful development of analytical Al
to unlock productivity while maintaining accountability. With illuminating case
studies and prescriptive recommendations, data scientists can future-proof their
skills and workflows to thrive in the age of automation.

The book is also extremely important for business leaders and decision-makers
evaluating the adoption of Al-based analytics. It grounds discussions in ethical
considerations beyond mere efficiency, helping leaders to make wise choices when
integrating automated analytics into their organizations. Pragmatic advice allows
leaders to select analytical workflows that wisely enhance the capabilities of their
teams, rather than ruthlessly replacing them.

For policy-makers and regulators, the book highlights the need for adaptive
governance to encourage responsible Al innovation in data analytics. Its forward-
looking perspectives reveal how today’s prudent policies can proactively shape the
trajectory of automation in a direction that benefits society collectively. The book
provides insight into the development of governance frameworks that are responsive
to rapid technological change, while remaining grounded in ethics and inclusion.

In academic institutions, this book offers an indispensable program both in data
science programs and for interdisciplinary discussions. It enriches understanding of
how best to develop Al-based techniques founded on moral principles and
responsibility. The book sheds light on research avenues into reliable and
transparent analytical algorithms. And it enables a nuanced discourse on the balance
between productivity and prudence in the age of automation.

The book also serves civil society and general interest readers looking for
balanced perspectives on the integration of analytical Al It dispels alarmist fears of
Al, while emphasizing the need for thoughtful monitoring and adaptation. By
making technical concepts accessible through clear metaphors and examples, the
book enables the public to participate in the ethical development of the discourse on
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automation. It contributes to the crucial dialogue on the direction of technology for
collective human upliftment.

Students and young professionals will find this book invaluable in preparing for
the future of analysis. It provides a fundamental understanding of how best to develop
collaborative skills in Al from a technical and ethical perspective. The information
will help students cultivate human-centered values and creativity even as they
develop technical prowess in Al systems. This fosters comprehensive capabilities
suited to the judicious integration of automation between roles.

But perhaps most critically, this work highlights the essential human
responsibility in the development and deployment of analytical Al. It emphasizes
that all stakeholders have an active role to play in shaping progress on the basis of
moral principles and compassion. Only through collective foresight and wisdom can
we nurture a beneficial intelligence that amplifies rather than diminishes human
potential.

Overall, this book is aimed at anyone interested in or affected by the integration
of automation and Al in data analytics. Its mix of technical foundations, ethical
direction and pragmatic advice offers indispensable guidance for moving cautiously
into the era of amplified analytics. The book awakens our collective consciousness to
the responsible orientation of technology use towards the expansion of human
capabilities. And it provides ways to synergize human and artificial intelligence under
conscientious human management, so that automated analysis benefits, rather than
harms, society.

The challenge of the book

The emergence of generative Al models such as ChatGPT has triggered a
revolution in data analytics. These powerful technologies automate parts of the
analytical process that previously required significant human effort. Tasks such as
data cleaning, aggregation and basic reporting are rapidly transformed thanks to
these Al systems.

An appropriate analogy compares the education of these Al models to the
education of children. Like children, they start out as blank slates and gradually
acquire complex skills through careful guidance. Data scientists act as parents, slowly
exposing them to various datasets and analytical tasks during the training process.

Initially, the models are only capable of mechanically imitating operations based
on training data. They do not have a deeper understanding of the concepts, principles
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and implications behind the workflows. Models can repeat data processing steps
with precision, but without any notion of meaning.

This is similar to a young child reciting multiplication tables by heart without
grasping the deeper mathematical concepts of multiplication. They can perform the
calculation accurately, but without the reasoning behind it. Early training of Al
models also focuses on the repetitive execution of instructed tasks.

But with enough care over large datasets, these Al systems can move on to a true
understanding of the patterns, relationships and rules governing analytical workflows.
Just as varied exposure to the real world enables a child to deduce abstract concepts
from concrete examples, extensive training helps models generalize.

Gradually, the models evolve from the simple memorization of instructions to the
development of an inductive understanding of the principles underlying data
analytics workflows. They understand why particular techniques are appropriate in
different contexts on the basis of conceptual understanding, rather than blind
implementation.

This transition reflects a student’s move from simply memorizing mathematical
facts to understanding how mathematical operations work on the basis of logical
reasoning. Through further maturation, the models acquire contextual awareness to
adaptively select the optimal analytical approaches for new datasets and scenarios.

In essence, they develop a trained intuition similar to that of human analysts. Models
like ChatGPT acquire the ability to critically evaluate, explain and improve their
analysis based on experience and learned patterns, rather than on simple, rigid
instructions. Their analytical capabilities evolve in sophistication from basic
obedience to contextual understanding.

As models develop proficiencies in a variety of datasets, they are transformed
from passive analysis tools into intelligent collaborators in the information extraction
process. They move from simply analyzing data to engaging in intelligent dialogue
with human analysts.

The models provide the computational speed needed to rapidly process, cross-
reference and visualize complex data on a superhuman scale. Their pattern-
recognition capacities uncover relationships that humans may miss or take much
longer to discern simply because of the sheer volume of data.

But human analysts provide the strategic framing, imagination and supervision
needed to ensure appropriate interpretation and extraction of meaningful information,
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rather than simple blind correlations. Analysts evaluate the assumptions, ethics and
implications guiding the appropriate application of model results.

This creative synergy combines the power of data processing with nuanced
judgment. Powerful Al models can generate new analytical avenues, but perceptive
humans still need to guide the investigation by asking the right questions, through
prompts. Models quickly reveal insights, but humans discern their meaning and
applicability.

Together, humans and AI models can reach higher analytical heights than either
of them can separately. But role divisions need to be carefully structured to benefit
from this symbiosis. Just as shared parental responsibilities create specialization, the
separation of analytical tasks promotes human—Al complementarity.

Delineating clear roles while collaborating closely avoids confusion and ensures
that human creativity and the power of Al can amplify each other. But care must be
taken to structure the human—machine partnership in such a way as to highlight their
complementarities.

Uncontrolled automation without human supervision risks losing contextual
judgment and responsibility. Giving full control to autonomous Al models ignores
their limitations in relation to generalized human cognition. Although powerful,
these models still lack certain distinctly human mental capacities.

For example, Al is currently struggling with complex abstraction, causality,
transfer learning and innovative analytical techniques. Models like ChatGPT also
lack human judgment, intuition, common sense, morality and appreciation of ethics
or biases. They have limited capacities for imagination and social awareness beyond
their training.

We must recognize these technological limitations to properly integrate Al into
the analytical workflow as assistants rather than sole replacements. Their specialized
capacity makes them productivity amplifiers for specific tasks rather than fully
capable analysts themselves. Sound human guidance prevents misleading ideas or
exaggeration of correlations.

Some predict a dystopian future in which Al will rapidly surpass all human
intelligence — the so-called technological singularity, (or simply the singularity). But
for now, Al remains limited to narrow applications, unable to compete with the
multi-faceted reasoning, ethics and creativity of the human mind. Their capabilities,
while prodigious, are constrained by the limits of their data training.
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These models should be seen as powerful tools, not omniscient oracles. Like
earlier innovations, such as calculators or computers, they extend certain analytical
capacities without reproducing human cognition in the broadest sense. Their
performance is exceptional, but narrowly delimited within a trained domain.

This is why this book, entitled Automated Data Analytics: Combining Human
Creativity and Al Power using ChatGPT, rightly advocates developing and
exploiting these technologies with caution, rather than entrusting them with
complete analytical controls. It warns against focusing solely on efficiency gains,
without considering social impacts or the loss of human control.

The aim should be to synergize and advance human and artificial intelligence to
better understand data, faster and more responsibly. This involves establishing
strong human safeguards and emphasizing ethics when applying AI models to avoid
abuse or harmful bias.

But this also requires the development of mechanisms to interact seamlessly with
Al, in order to improve, rather than simply automate, the analysis. This means
structuring intuitive interfaces, intelligent workflows, and complementary
human—AI team structures.

The optimal way forward is neither domination nor rejection of Al, but rather
assimilation of Al under the aegis of human wisdom. This involves embracing Al’s
productivity gains while instilling human values, creativity and supervision through
continuous training.

If we nurture Al wisely, avoiding the perils of uncontrolled automation, the future
promises new frontiers of creative data-driven insights far beyond what humans or
machines could realize independently. Al development must balance social well-
being and human dignity, not sacrifice them on the altar of efficiency and capability.

The wise integration of hearts and minds with artificial analytical power can
propel progress at an unprecedented pace and scale. But this requires setting ethical
boundaries and priorities beyond simply maximizing analytical power using Al, for
example, ChatGPT.

Human stewardship is essential to guide these technologies towards automation,
rather than the replacement of human capabilities and responsibilities. We need to
proactively shape their evolution based on moral considerations and social benefits.

With Al transforming data analytics, we have reached a decisive turning point,
where our choices and priorities will define the trajectory of the future of ethical Al.
Treading the path cautiously, yet boldly, with compassion and creativity, jointly
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guiding analytical rigor, the dawn of hybrid intelligence promises an unprecedented,
yet humanistic, discovery.

Navigating content

The contemporary world overflows with data, and in-depth analysis holds untold
potential for individuals and organizations. However, traditional methods are
struggling to unlock these nuggets of value. Al is emerging as a promising response,
and in particular, generative models like ChatGPT automate entire sections of the
analytical process, increasing our ability to extract impactful insights.

This book explores the fascinating world of Al-enhanced data analytics. Through a
step-by-step exploration, it reveals the exciting possibilities of this symbiosis of
human ingenuity and algorithmic power. The book demystifies these emerging
technologies and provides a practical framework for integrating them ethically into
modern analytical workflows. It presents an essential roadmap for the ethical and
collaborative integration of automation in data analytics.

The interconnected chapters guide the reader through the process of training,
preparing and supporting ChatGPT, in order to ensure the automation of the various
tasks involved in the analytical process.

Chapter 1 sets the scene by examining how Al-driven automation is transforming
data analytics. It highlights the immense potential of generative models such as
ChatGPT to accelerate and deepen the extraction of insights. The chapter highlights
the importance of combining human creativity and automated analysis in a
harmonious way, in order to achieve augmented intelligence. It explains how to
create effective prompts to get the most out of ChatGPT.

Chapter 2 delves into the heart of ChatGPT, revealing its unique capabilities for
data analytics. It explores its powerful understanding of natural language, providing
intuitive interaction. The chapter examines how ChatGPT can support data
scientists, rather than replace them. It provides a practical guide to integrating
ChatGPT into analytical workflows.

Chapter 3 shows how ChatGPT can automate data preparation — cleaning, pre-
processing, management of missing values and outliers. This often tedious step is
essential for high-quality analysis. By delegating these tasks to ChatGPT, analysts
save valuable time.

Chapter 4 explains how to formulate natural and conversational queries for
ChatGPT. No need to master SQL! ChatGPT takes questions in everyday language
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and translates them into optimized queries. This intuitive approach frees up analytical
curiosity.

Chapter 5 highlights ChatGPT’s prowess in advanced analysis — data mining,
statistics, prediction and sentiment analysis. Its assistance boosts analysts’
performance, enabling them to concentrate on high-value-added tasks.

Chapter 6 covers the automation of predictive modeling and time series analysis
with ChatGPT. Its systematic approach surpasses human capabilities for rigorous
and accurate models. Continuous feedback cycles with analysts optimize its
performance.

Chapter 7 reveals ChatGPT’s tremendous potential for accelerating the machine
learning process. Its ability to generate personalized algorithms and improve their
performance opens up new horizons in this crucial discipline.

Chapter 8 explains how ChatGPT automates engaging data storytelling — the
generation of reports, interactive dashboards and eye-catching presentations. But it
emphasizes the importance of preserving a human imprint in these narratives to truly
captivate readers.

Finally, the ethical dimensions surrounding the responsible use of ChatGPT in data
analytics are addressed in Chapter 9. This chapter provides guidelines for mitigating
bias, ensuring fairness and transparency. Without a moral compass, automation risks
dehumanizing data analytics.

In broad terms, our aspiration is for this book to stand as a fundamental guide to
thoughtfully integrating automation and Al in data analytics. We hope that its blend of
ethical considerations and practical techniques will open up new perspectives on the
development of human-centric augmented automated analytics.

This book aims to stimulate your curiosity about the vast possibilities when
human creativity and machine intelligence converge. And we hope it will provide
fertile seeds for further exploration in the elaboration of analytical workflows that
ethically amplify insight and productivity. While generative Al propels analysis in
known territory, this book seeks to shed light on a prudent path based on moral
principles.

May it inspire you to participate in shaping the future trajectory of Al-powered
automated analytics for the collective elevation of humanity.



Artificial Intelligence (Al)
and Automated Data Analytics

We are today at the dawn of a new era, defined by the rise of generative Al and
the immense potential it opens up to automate and increase data analytics. Systems
such as ChatGPT (GPT, abbreviation for Generative Pre-trained Transformer), which
designates a sophisticated machine learning model that has undergone extensive
pre-training on a vast dataset, foreshadow a fascinating future, as well as raising
important questions about the evolving role of human analysts and the responsible
integration of Al

The implications of this Al for data analytics are profound and disruptive. We
now have an Al system that can not only calculate numbers, but also communicate
with analysts in natural language as a collaborative partner. This human-like
communication capability helps analysts to prepare data, formulate analytical
questions, generate queries, run models, summarize results, and more.

In essence, generative Al opens up the possibility of automated data analytics
where algorithms take on the mechanical and repetitive tasks, while human analysts
provide strategy, imagination and oversight. Working together, humans and Al
systems can achieve exponentially more, faster and better than either could alone.
This vision is what makes the rise of ChatGPT a paradigm shift for data analytics.

Before revealing how to guide ChatGPT step by step through all the tasks of the
analytical process, it is essential to map out the landscape, opportunities and ethical
considerations surrounding the automation of data analytics by emerging generative
Al
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1.1. The emergence of automated data analytics and the potential of
generative Al

We are witnessing an unprecedented inflection point in the evolution of data
analytics, catalyzed by the rapid advances of Al. The emergence of generative Al
systems has paved the way for the automation of many analytical tasks traditionally
requiring intensive human effort (Sedkaoui 2023). This monumental change has the
potential to fundamentally transform the way humans extract insights from data.

1.1.1. The power unleashed by generative Al

A paradigm shift is underway, driven by the recent breakthroughs in deep
learning. The development of natural language models based on transformers such as
ChatGPT has produced AI systems capable of remarkably human-like written
language behavior.

With over 1 trillion parameters, ChatGPT demonstrates an unprecedented ability
to engage in contextual and coherent multi-turn natural language conversations on a
dizzying array of topics (Tingiris and Kinsella 2021). This presents a watershed
moment for the unlocking of automated data analytics using natural language
interfaces.

By providing detailed instructions and feedback in simple conversational
language, humans can now collaborate with Al systems to perform a wide range of
analytical tasks. This includes data cleaning, pre-processing, visualization, statistical
analysis, query generation, predictive modeling, report creation, etc.

The implications are far-reaching. Every facet of the data analytics life cycle —
from raw datasets to final insights — can potentially be accelerated, augmented and
automated through collaboration with generative Al systems.

1.1.2. Transforming the data analytics process

The integration of generative Al promises to profoundly reshape and accelerate
the entire data analysis process. With ChatGPT, capable of handling many basic
tasks in response to natural language prompts, human analysts can pursue more
ambitious analysis goals and devote their time to high-value work.

The preparation, cleaning and processing of datasets to make them ready for
analysis often presents the most labor-intensive phase of analysis (Manning et al.
2014; Sedkaoui and Khelfaoui 2020). ChatGPT would automate the bulk of the
work, following guidelines to facilitate data analytics, preparation and
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transformation. It would also help to summarize datasets for analysis purposes,
reducing analyst burden while improving consistency.

Formulating analytical questions and translating insights into executable queries
and scripts is another area where Al is extremely promising. Instead of painstakingly
coding queries, analysts could rely on ChatGPT to interpret the questions provided
in plain language and suggest appropriate SQL or Python queries to run (Tingiris
and Kinsella 2021).

For advanced analysis covering statistical tests, forecasting and prediction,
ChatGPT can also help design rigorous analytical workflows and rapidly perform
calculations. Throughout AI’s natural language capabilities, namely ChatGPT, enable
a highly interactive iterative process between humans and Al.

The combined effect is a dramatic increase in analyst productivity and scope
With Al systems automating all rote-coded tasks, analysts are able to find deeper
insights faster among exponentially larger and more complex data.

1.1.3. Redefining coding with the intelligent agent

By exploiting the advanced natural language processing capabilities of models like
ChatGPT, data scientists can efficiently improve their workflows and achieve
superior project results. The versatility of these intelligent agents extends their
benefits to programmers and data analysts in a multitude of ways.

When it comes to programming, they are an invaluable asset. Their code
generation prowess enables programmers to quickly formulate code snippets by
responding to natural language prompts, which is particularly beneficial for rapid
prototyping of ideas and boilerplate code generation. For example, by training
ChatGPT on an assortment of code examples, a language model can emerge, capable
of producing syntactically accurate code segments across a range of programming
languages.

Another area where Al models prove invaluable is the creation of documentation.
By familiarizing models with a corpus of code comments and documentation,
programmers can cultivate a language model capable of autonomously composing
documentation for code snippets or entire codebases, thus streamlining the
documentation process.

In addition, these models can contribute to code optimization by suggesting
techniques for simplifying or refining code segments. Trained on a diverse collection
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of optimized code samples, the generative model evolves into a competent advisor,
providing recommendations for improving existing code. This enhancement serves to
reduce code complexities, improve performances and facilitate maintenance efforts.

It should be noted that generative Al models, such as ChatGPT, facilitate error
management, offering potential solutions to common coding errors (Sedkaoui 2023).
Drawing on a knowledge pool of sample codes containing errors and their respective
remedies, the model evolves into a resource that can provide solutions to common
coding errors. This automated approach to error resolution can significantly improve
the programming experience.

ChatGPT, for example, is a powerful tool that can be used for a variety of
programming and debugging tasks. It can generate code snippets, optimize code,
debug code, document code and review code.

ChatGPT is able to perform these tasks by analyzing programming language
functions, requirements, algorithms, data structures, code structures and error
messages. ChatGPT can be used to improve programmer productivity and efficiency
by automating many of the tasks involved in programming and debugging code.

In essence, the advanced language capabilities of ChatGPT, or other generative
Al models, are a boon to programmers and data scientists alike. By integrating this
technology, workflows are streamlined, coding efficiency is increased and
the overall development process achieves new levels of productivity and
efficiency.

Task ChatGPT usage
Code Generating code snippets based on user input, facilitating the
generation implementation of specific functions or features
Code Analyzing code to identify inefficiencies and recommend
optimization | improvements, enhancing code performance and efficiency
Debugging Analyzing code structure and error messages and providing
assistance debugging recommendations, helping to resolve errors
Code Analyzing code structure and requirements and suggesting best

documentation | documentation practices, contributing to clear documentation

Analyzing code and coding standards, offering suggestions for

Code review improving code quality and reliability during code reviews

Table 1.1. ChatGPT: a programming and code debugging tool
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1.1.4. Human-AlI collaboration

The unique capabilities of Al systems create the foundations for a highly
collaborative human—AlI partnership that reinvents data analytics. By managing
time-consuming, codified tasks in response to natural language instructions, this
frees up human analysts to focus on high-level strategic objectives that draw on
unique human skills such as creativity, intuition and reasoning.

Tomorrow’s data scientists will devote their time to valuable work, such as
formulating the right analytical questions, interpreting results, challenging
hypotheses and communicating insights. Al assistants will perform data preparation,
modeling, calculation and reporting under the guidance of the analyst.

This vision promises to greatly boost the productivity of data scientists and enable
deeper, faster data analytics. What once took an entire team weeks (Davenport and
Harris 2007; Sedkaoui and Khelfaoui 2020) could soon be achievable for a single
analyst in hours, or minutes, by harnessing the synergies of human and machine
intelligence. This division of labor translates into a mutually beneficial arrangement,
where Al brings speed, rigor and objectivity, while humans provide contextual advice,
validation and monitoring.

In this human—AI symbiosis, repetitive, codified tasks are delegated to natural-
language Al assistants, freeing up analysts for strategic reflection and imagination.
Together, this hybrid team achieves synergies and augmented capabilities far beyond
what either could do separately. The whole becomes greater than the sum of its parts.
This collaborative workflow combines the best of human and machine intelligence.

1.1.5. The power of prompt engineering

To collaborate effectively, generative Al systems like ChatGPT need detailed
instructions and feedback from humans. This is achieved through careful prompt
design — the art of designing prompts that clearly communicate tasks and desired
outcomes to Al

The prompts that analysts use to run ChatGPT have a considerable influence on
the quality, usefulness and ethics of the results produced. Carefully crafted prompts,
providing relevant context and setting clear expectations, are essential for
successfully leveraging ChatGPT in data analytics.

Prompt engineering involves an iterative process of refining prompts based on Al
responses to improve relevance, accuracy and specificity (Jiang et al. 2020). Analysts
must learn to formulate concise prompts that effectively guide the Al to apply the
appropriate knowledge and perspective to generate optimal results.
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Mastering prompt engineering is crucial to guiding Al systems towards
productive contributions while avoiding potential pitfalls. The prompts provided by
analysts will shape the integration of generative Al systems into analysis workflows
(see Appendix 1).

To take full advantage of the promise of generative Al in the data analytics
process, humans must thoughtfully guide the process. Certain best practices play a
pivotal role in building an ethical and productive collaboration with ChatGPT and
similar Al systems, for example:

—providing sufficient context in the prompts to indicate the appropriate
capabilities and frame of reference;

— iteratively re-prompting based on results to address shortcomings;

— critically reviewing Al-generated output for completion, accuracy, potential
biases and errors;

— providing feedback via additional prompts to further improve the Al system;

— maintaining human control over the direction of analysis, ethics considerations
and decision-making.

Adherence to these principles will steer Al systems towards their highest utility,
while keeping humans firmly in charge of strategy and ethics. Overall, the prospects
are extremely exciting, as Al is poised to energize the way humans extract insights
from data.

1.1.6. An ethical North Star

As we further integrate these Al systems into data analytics and data science,
certain considerations arise. As with any powerful technology, to realize the full
potential of generative Al in data analytics requires careful thought and guidance.
While Al systems like ChatGPT harbor no intrinsic bias or motivation, their outputs
are only as ethical and objective as their human designers.

One of the main concerns is the possibility of errors or biased results in data
science when relying on Al systems (Osoba and Welser 2017). ChatGPT’s
performance depends on the quality of the data on which it has been trained.
Consequently, any existing biases in the data may be amplified, leading to
non-objective results. However, this concern does not justify rejecting AIl’s potential
entirely; instead, it emphasizes the need to use diverse and representative data when
training the model.
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We must remain vigilant, so that by integrating Al into analysis workflows, we do
not inadvertently perpetuate historical biases in training data. Transparency around
data provenance and algorithmic limitations is crucial. Extensive human surveillance
and correction of Al systems offer another vital guarantee.

Overall, by proactively identifying and mitigating risks early, we can steer Al
towards unambiguously positive outcomes that elevate society. The promise is too
great not to pursue, but we must do so with wisdom and principle.

1.2. Revolutionizing the data analytics process with ChatGPT

The integration of generative Al systems such as ChatGPT has the potential to
profoundly accelerate the data analytics process. By automating many repetitive and
codified tasks, ChatGPT enables analysts to focus their time on high-value objectives
that leverage human judgment, creativity and strategy.

1.2.1. The numbers behind ChatGPT’s potential

It is clear that Al-based systems are poised to bring transformative changes to
various spheres of life. The underlying mechanism of this technology involves
advanced machine learning algorithms that examine vast repositories of data, such as
books, articles and web pages.

This intelligent Al agent is based on transformers, a type of attention-based deep
neural network particularly effective for natural language tasks (Tingiris and Kinsella
2021). Transformers integrate aspects of supervised, unsupervised and reinforcement
learning.

During pre-training, the model parameters are trained in an unsupervised manner
on massive text corpora to learn language patterns, semantics and world knowledge.
The pre-trained model is then refined using reinforcement learning based on human
feedback to optimize its conversational capabilities and human alignment.

Supervised learning provides fine-tuning on specific tasks, such as classification
using labeled training examples to improve performance. So, while transformers and
neural networks form the core architecture, unsupervised pretraining, reinforcement
fine-tuning and supervised customization combine synergistically.

This reflects the real-world practice of mixing learning paradigms to capitalize
on their complementary strengths. The use of self-supervised pre-training, followed
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by downstream task tuning, has become a common pattern in state-of-the-art deep
learning. ChatGPT illustrates the strength of hybrid approaches. Its foundation is
based on recursive self-improvement through machine learning, guided by human
feedback.

As a result, ChatGPT is proving to be a powerful tool with many applications,
including enhanced chatbots, automated content creation and more efficient
search engines (Taecharungroj 2023; Thorp 2023). In addition, the potential for
improving language translation has the capacity to revolutionize intercultural
communication.

According to a recent McKinsey report (2023), the potential economic impact of
generative Al can be assessed through:

— an analysis of over 60 organizational use cases across all sectors and functions,
estimating USD 2.6—4.4 billion in the potential annual value creation worldwide;

— modeling the impact on automation of work activities in all professions, which
could contribute 0.1-0.6% per year to growth in productivity up to 2040.

Generative Al represents a radical improvement in capabilities over previous Al
techniques.

Models like GPT-3 underpin many generative Al applications, trained on massive
datasets to perform a variety of natural language or visual input-based tasks.
According to the Mckinsey report, the most significant revenue impact is estimated in
the banking (up from 2.8 to 4.7%), high-tech (from 4.8 to 9.3%) and pharmaceutical
(from 2.6 to 4.5%) industries. In retail, marketing and customer service use cases
could generate revenue growth from 1.2 to 2%, worth USD 400-660 billion per
year.

IMB’s report (2023) on enterprise generative Al is along the same lines,
highlighting concrete examples of the successful adoption of these technologies by
leading companies, such as Lloyds, which used chatbots powered by Al text
generation to deliver fast, consistent responses to customers; and Bouygues Telecom,
which deployed virtual assistants based on natural language processing to simplify
customer—agent interactions in its call centers, practical applications which well and
truly illustrate the potential of generative Al to streamline and optimize customer
engagement.
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Type Year Milestone
1966 ELIZA, the first chatbot, developed by Weizenbaum
1972 SHRDUL, a language processing program by Winograd

Basic chatbots 1995 ALICE (Artificial linguistic Internet computer entity),

developed by Wallace
SmarterChild, a popular chatbot on AOL Instant
2001
Messenger
2011 IBM Watson wins Jeopardy! against human contestants
Siri: Apple’s virtual assistant for i0S devices
2014 Microsoft introduces Xiaolce, a popular chatbot in China

Alexa Amazon’s voice-controlled virtual assistant

Invention of the diffusion model, which learns to generate
2015 images from noise, and serves as the basis for image
generators such as Dall-E

Conversational
agents

Facebook launches its chatbot platform on Messenger

2016 Microsoft Tay, a Twitter-based chatbot, creates
controversy due to inappropriate behaviour

2017 Google introduces Google Assistant and Duplex

Jasper Al: content platform that helps creators and

2021 businesses of all kinds to develop their creative potential

. OpenAl launches GPT-3, a large language model
Generative 2022 OpenAl launches ChatGPT, an Al-powered
chatbots :
conversational agent

Google creates Bard, its generative Al
2023 GPT-4 version was introduced by OpenAl
Claude created by Anthropic

Table 1.2. From basic to generative Al: a timeline

1.2.2. ChatGPT and the future of data analytics

Data analytics is a fundamental and indispensable capability that drives
operations, decision-making and innovation across various sectors. The advent of
generative Al has the potential to revolutionize data analytics in several significant
ways, as shown in Figure 1.1.
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Generative Al serves as leverage for
/‘\ productivity among data scientists and
4 . analysts by offering natural language
Improvement of || interfaces and the automated generation of
human analysts . data visualizations and analysis, enabling

analysts to focus on context and business
objectives

Generative Al's ability to process unstructured o
data, such as text, images, audio and video,
enables the extraction of information from
sources such as customer reviews and product
images, which previously required extensive

manual processing Q P

Unstructured
data analysis

Al-based models can use vast training data to
adapt the output from individual users, leading
to personalized recommendations for data
queries and insights based on specific problem
contexts and user attributes

Personalization &
recommendation

The automation of repetitive analysis tasks
using Al makes data insights more accessible in
all organizations, beyond the specialized roles,
allowing employees to make data-driven
decisions through simplified natural language
interactions

Democratization
of analysis

Figure 1.1. Benefits of generative Al in data analytics

However, the real value lies in the augmentation of human intelligence by
analyzing data to produce initial insights that humans then validate and apply using
their own judgment and expertise. The combination of automatic analysis and human
intelligence promises to generate new knowledge on a massive scale, demonstrating
how Al can transform the way organizations harness information — although the
greatest impact will come from the human—Al collaboration, which helps, rather
than hinders, the development of new knowledge.

These Al-based systems can also elevate the skills and expertise of data scientists.
By automating tedious tasks such as data cleaning and pre-processing, Al systems
enable analysts to focus on more complex, creative and intuitively driven aspects of
data analytics. The synergy between human and Al capabilities enables more accurate,
data-driven decision-making (Hendrycks et al. 2021).

What is more, AI’s ability to identify hidden patterns and relationships in large
datasets can help generate hypotheses that data scientists can then validate through
further analysis. In addition, AI’s ability to generate synthetic data proves invaluable
in scenarios where real data are scarce or difficult to obtain, enabling more robust
training and testing of machine learning models.

It is therefore crucial to recognize that Al is not a threat, but rather a valuable
ally. Although it can automate specific tasks, it remains incapable of replicating the
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holistic capabilities of human professionals. Al systems lack the ability to interpret
results strategically or make data-driven decisions, both of which remain in the
domain of human expertise.

Therefore, rather than fearing the emergence of Al technologies such as
ChatGPT, data scientists should embrace these advances as invaluable tools in their
data analytics toolbox. The harmonious collaboration between humans and Al has
the potential to unlock new levels of productivity and insight, ultimately
contributing to the advancement of data science and analytics.

1.3. Harmony between human creativity and automated analysis: the
winning duo

The rise of generative Al ushers in an era of symbiotic collaboration between
human creativity and automated analysis. By judiciously balancing their respective
strengths, humans and Al systems like ChatGPT can form a winning duo that
unlocks deeper insights from data.

1.3.1. The value of human creativity

According to the McKinsey report (2023), with the increasing adoption of Al and
machine learning in different industries, the roles of the data scientist are expanding
beyond technology companies to in-house Al/machine learning consultants, trainers
and experts.

In this context, it should be noted that certain aspects of data analytics rest
fundamentally on the singular capacities of the human mind. Creativity, intuition,
imagination, empathy and ethics underpin the data scientist’s most important
contributions. Formulating insightful questions and strategically defining the
problem, discerning subtle patterns and non-obvious relationships within the data,
validating analytical models and results, identifying gaps, exceptions and areas
requiring further exploration, as well as communicating convincing narratives and
visuals tailored to diverse audiences, and responsibly overseeing the direction of
analysis and use of insights, are all areas where humans excel, despite the advances
of Al

When human creativity and automated analysis converge as partners, they can
achieve far more together than either can separately (Sedkaoui 2023). Al provides
scale, speed and tireless calculation, while humans provide strategy, ethics and
surveillance. Some features of this symbiotic human—Al analytical duo include the
following.
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New directions

directions

Operation type Human Generative Al
Fundamental Frames fundamental Suggests optimal
questions analytical questions methodologies
Identifies new data Quickly compiles and

analyzes required data

Subjective . . Injects computational rigor
) Provides subjective context Jects putatl &

context into deductions

. Provides the instinct to spot Validates wide-scale
Outliers .

outliers models
.. . Generates visuals and data
Communications Prepares communications

stories required

Table 1.3. The human-Al analytical duo

This highlights the differences in roles between humans and generative Al in
various data analytics operations. Humans bring expertise in framing fundamental
questions, identifying new directions and providing subjective context, while
generative Al excels in suggesting optimal methodologies, compilation and rapid
data processing, injecting computational rigor into inferences, validating large-scale
models and generating required visuals and data stories. By combining these skills,
humans and generative Al can collaborate synergistically for more efficient and in-
depth data analytics.

This division of labor enables each partner to operate to the full and to the best of
their ability in the service of common analytical objectives.

1.3.2. The complementary power of automated analysis

Where human creativity weakens, automation can fill the gaps in an exceptional
way. Al systems, such as ChatGPT, have complementary strengths that give them a
significant advantage in a variety of analytical tasks. These advantages revolve
around key capabilities, including:

— tirelessly managing repetitive and rote analytical tasks without the fatigue that
can affect humans. Al can process large amounts of data with consistent accuracy
and coherence, even during intensive processes;
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—rapidly performing complex statistical calculations beyond human mental
capability. Thanks to their computational power, Al systems can perform advanced
mathematical operations at unprecedented speed, considerably speeding up
analytical processes;

— examining a multitude of information and variables during machine learning.
Unlike humans, Al can process big data produced from different sources, which
improves the quality of learning models and predictive analyses;

— providing a rigorously consistent result once trained, without deviating from its
logic or premises. Al avoids bias or human error related to the interpretation of data,
which reinforces the reliability of the results;

— exponential scaling of analytical workloads without marginal human effort. Al
can adapt to increasing data volumes and analytical queries without sacrificing
efficiency, helping to meet growing business needs.

These computational strengths present areas where Al automation holds clear
advantages over unassisted human analysis. Integrating Al into the data analytics
process allows data scientists to focus on more complex, creative and strategic tasks,
while capitalizing on AI’s undeniable strengths to optimize the accuracy, efficiency
and scalability of their analyses.

Thus, the advent of Al-based systems is a powerful force propelling the
evolution of data professions. The combination of AI’s computational prowess and
human expertise is leading to a new kind of data analytics. By embracing the
strengths of machines and humans, we can develop more accurate models and make
more informed, data-driven decisions.

1.3.3. Navigating the partnership responsibly

In the future, the integration of Al promises to transform the role of the analyst,
placing them at the helm of automated systems, rather than simply performing
individual analyses. Thanks to AI, which lightens their burden by automating
repetitive tasks, future data scientists can devote themselves more to creative and
strategic initiatives with added value. These advances open up new prospects for
analysts, who will be able to play a decisive role in the design and governance of
high-performance analytical systems.

They will focus on identifying key questions and creative hypotheses, exploiting
Al to reveal hidden patterns in the data. In addition, they will use Al to extract
information from a variety of sources, and to develop innovative analytical
frameworks to address complex problems. Analytical results will be translated into
concrete actions and strategic recommendations to meet business and societal needs.
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Future analysts will also play a key role in setting ethical standards for the
responsible use of Al, and will oversee processes for continuous monitoring and
improvement of automated analytical systems.

This reinvented role firmly places human creativity at the head of an Al-powered
engine. By capitalizing on the complementary strengths of humans and Al, future
analysts will have the opportunity to shape the future of data analytics and contribute
significantly to innovative discoveries, informed decisions and strategic advances in all
areas of business.

But to cultivate an effective and ethical human—Al analytical partnership, it is
essential to focus on key priorities that ensure a harmonious and responsible
collaboration between the two entities. These priorities serve as the foundation for
fully exploiting the analytical potential offered by the combination of human
creativity and automated analysis. Here are a few important aspects:

— Human supervision and control: human supervision must remain at the heart of
the analytical process, guiding the direction and use of automated analysis. Humans
play a crucial role in determining the objectives, questions to be answered and
decisions to be made on the basis of Al results. They must maintain a global and
strategic perspective to ensure that analytics align with business and ethical
objectives.

— Transparent communication: clear, transparent communication is essential to
building trust between stakeholders. It is essential to disclose the hypotheses,
limitations and biases underlying Al systems used in the data analysis process. This
transparency enables decision-makers to fully understand the implications and
uncertainties associated with Al-derived results.

— Rigorous validation of results: although Al can provide fast and powerful
analyses, human validation is essential to guarantee the reliability and quality of
results. Humans must carefully examine Al results, understand the reasons behind
the conclusions and ensure that the findings are consistent with pre-existing
knowledge and ethical principles.

— Feedback loops: automated analytics should not be seen as a static solution. On
the contrary, it is necessary to establish feedback loops to continuously improve Al
models, correct biases and adapt to changes in data or objectives. Humans must play
an active role in this continuous improvement using feedback and new information
to optimize the efficiency and relevance of analyses.

— Respect for ethics and privacy: at every stage of the analysis, it is imperative to
respect ethical principles, data privacy and fairness in the process. Humans must
ensure that Al does not reproduce or amplify undesirable prejudices, and that the
rights and privacy of individuals are preserved.
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By integrating these responsible principles into the design, coordination and
governance of human—AlI analytical partnerships, we are able to unleash the enormous
potential of data analytics. This synergy between human intelligence and automated
analytics enables complex challenges to be addressed, informed decisions to be made
and emerging opportunities to be exploited with increased efficiency and ethics.

However, achieving an effective synthesis of human and artificial intelligence
relies heavily on prompt engineering. Mastering this skill is essential to successfully
direct Al systems towards productive and ethical results.

1.4. Unlocking the secrets of prompt engineering for powerful results

As generative Al in particular ChatGPT, is gaining in popularity, the art of
prompting has become a crucial skill in the field of Al. Crafting a prompt, the means
of interacting with large language models (LLMSs), is not as straightforward as it
may first appear. Beyond the novelty of initial interactions with ChatGPT, it has
become clear that mastering prompt engineering requires practice and careful
thought.

1.4.1. The art of prompting

It is truly remarkable that ChatGPT can automatically generate text closely
resembling human-written content. But how does it achieve this feat, and what is the
reason for its success? Although we are talking about certain technical aspects, these
principles also apply to other LLMs, not just ChatGPT.

Basically, ChatGPT’s main objective is to produce a “reasonable continuation” of
the given text. By “reasonable”, we mean an answer that corresponds to what you
would expect to write after analyzing several web pages and digital books. Imagine,
for example, this original text:

In data analytics, one of the most crucial aspects is data pre-processing, which
involves...

To achieve its goal, ChatGPT analyzes vast datasets containing information from
various sources (such as BookCorpus, Common Crawl and Wikipedia). Instead of
simply searching for literal matches, ChatGPT uses sophisticated algorithms
(Sedkaoui 2023; Taecharungroj 2023; Van Dis et al. 2023; Zhang et al. 2021) to
identify concepts and patterns that “match the meaning”.
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As shown in Figure 1.2, when you interact with ChatGPT by asking a query, it
uses natural language understanding (NLU) to deduce the user’s objective. Then,
relevant data are extracted from the underlying knowledge base. Natural language
generation (NLG) is then used to summarize an appropriate response based on these
data. The discussion history is preserved to enable future personalized interactions. To
improve the quality of responses in the future, reinforcement learning is used to gather
user feedback and take appropriate action (Sedkaoui 2023).

Recordling chat history to adapt
future interactions

Prompt

Knowledge
base

User interface

Response

Using Reinforcement [earning
Irnprove the quality of future responses

Figure 1.2. How does ChatGPT work?

This process allows ChatGPT to generate a ranked list of words and expressions
that are highly likely to follow the initial text, along with associated probabilities,
ensuring that the sequence generated conforms to data analysis principles and best
practices.

Fundamentally, the use of questions and their formulations, known as prompts, is
the essential mechanism for exploiting ChatGPT’s full potential while managing the
associated risks.

The prompts that data scientists use to drive Al systems like ChatGPT
profoundly influence the usefulness of the results. By mastering prompt engineering
techniques, they can optimize ChatGPT’s responses to accelerate their workflows.
Well-designed prompts are essential to successfully harness Al (Jiang et al. 2020;
Schick and Schiitze 2021).

Prompt engineering refers to the iterative process of designing and perfecting
prompts to steer Al systems towards desired behaviors. With large language models
like ChatGPT, prompts are the only way for humans to communicate their intent and
guide the Al
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Knowledge of how to create the most effective prompts has now become sought-
after expertise in the LLM community and beyond. As the popularity of generative Al
continues to soar, the importance of prompt engineering has grown considerably,
demanding the attention and skills of those involved in the Al world. Now that we
have established the structure of a basic prompt, let us take a closer look at the
essential considerations for better mastering prompt engineering.

1.4.2. Optimizing prompts for efficient interaction with ChatGPT:
fundamental aspects

The wording of a prompt plays an essential role, as it guides the LLM, such as
ChatGPT, in producing the desired results. Writing the question or statement in a
way that ChatGPT understands and responds to accurately is of the utmost
importance.

For example, if a user lacks expertise in a specific field and has difficulty
formulating a question with the appropriate terms, ChatGPT’s ability to provide
relevant answers may be limited. This can be likened to searching the Web without
knowing the right keywords.

While it may seem obvious that adding extra information could lead to better
prompts, it is less obvious that too much verbiage in general is not necessarily an
optimal strategy. It is best to consider prompt wording not as an isolated technique,
but rather as a common thread linking all other prompt engineering techniques.

Conciseness in a prompt is crucial for clarity and accuracy. A well-designed
prompt should be brief and to the point, offering enough information for ChatGPT to
grasp the user’s intent without unnecessary elaboration. However, it is essential to
avoid making the prompt too brief, as this could lead to ambiguity or
misunderstandings. Striking the right balance between brevity and exhaustivity can
be challenging. Practice is probably the key to mastering this competency.

Thus, in prompt engineering, roles refer to the people assigned to the LLM and
the target audience. For example, if you want ChatGPT to create an outline for a
blog post on machine learning classification metrics, clearly specifying that the
LLM should act as a machine learning expert and that the target audience is
composed of newcomers in data science would significantly improve the relevance
of the answer.

The way in which this information is expressed can be experimented with, either
using a conversational style: “You are a seasoned data scientist working for a
logistics company”; or a more formal approach: “Role: logistics expert analyst;
audience: business decision-makers”, depending on the context.
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Objectives are closely related to roles. Explicitly stating the goal of a guided
interaction is not only advisable, but essential (Schick and Schiitze 2021). Without a
clearly defined goal, ChatGPT would lack the guidance needed to generate the
desired result. In addition, positive and negative prompts are two different
approaches used to influence the model’s outputs.

Encourage the model to

include specific output types Encourage the model to

and generate the desired avoid producing certain

g8
E
2

Don't do this
p types of output or

responses

responses

Figure 1.3. Basic prompts versus role definition

By using both types of prompts, we can significantly shape the direction and
quality of the result.

Prompt engineering is therefore an essential element in the efficient use of LLMs,
such as ChatGPT, and is a powerful way of tailoring interactions with the model.
This involves carefully crafting clear and specific instructions or queries, in order to
obtain the desired responses from the LLM model. By skillfully constructing prompts,
data scientists can guide ChatGPT’s output towards their intended goals, resulting in
more accurate and useful responses.

During the prompt optimization process for ChatGPT, there are several
fundamental techniques to keep in mind:

— firstly, providing explicit instructions at the beginning helps to set the context
and define the task for the model;

— specifying the format or type of response expected can also be beneficial,

—in addition, improving interaction can be achieved by incorporating system
messages or using role-playing techniques in prompts.

As a result, the way in which data scientists formulate prompts directly determines
the relevance, accuracy and usefulness of ChatGPT’s responses to automate parts of
the analytical workflow.

Prompts enhance contextual understanding of ChatGPT and guide appropriate
analytical capacities. Inappropriate prompts provide insufficient guidance, leading to
irrelevant or inaccurate results.
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Objective @ State the goal or purpose ol the response (¢.g. inform, persuade)

Context @ Provide background informmtion, data or context for content generation
Establish the background and the purpose

Scope ©—— Define the scope or mnge of the topic

Deadline @—— Mention deadlines orti for ti itive

Keywords ©— List imponant keywords or phrases to be included
Examples = Provide examples of desired style, structure, or content
Enrich with relevant details

Citations = Request the inclusion of citations or sources to suppont information

Quotes @ Request the inclusion of relevant quotes or statements from experts

Statistics O—— E ge the use of statistics or data to suppon chims

Tone @ Specify the desired tone (e.g. formal, informal, informative, persuasive)

with ChatGP1 Format ©— Define the format or structure (e.g. essay, bullet points, outline)

Audience @ Specify the target audience for tailored content
Adapt language and style ;i

Language @ Indicate the language for the response, if different from the prompt

Terminology @ Specify industry-specific or technical terms to use oravoid

Analogies @—— AskAlto use analogies or ples 1o clarify P
Points of view @—— AskAlto consider nultiple perspectives or opinions
Stimulate critical thinking

Counterarguments ©—— Request

Actas '©— Indicate a role or perspective to adopt (e.g. expert, critic, enthusiast)

Limitations ‘@ Specify the constraints, such as word or character count
Communicaie responsibly

Callto action @ Request a clear call to action or next steps

Sensitivity ©—— Menti itive topics or issues to be handled with care or avoided

Figure 1.4. Guide to strategic prompting with ChatGPT
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Developing and mastering strategic prompting, illustrated in detail in Figure 1.4,
makes it possible to guide ChatGPT in a collaborative way to produce personalized,
optimized responses. It includes defining tone, format and desired scope to align
expectations. Providing background and clearly stating the objective gives direction
to this strategy. Enriching prompts with relevant keywords, examples and data
makes responses more substantive

Adapting language and terminology to suit the audience and field optimizes
comprehension and accuracy. Encouraging critical thinking by asking for multiple
perspectives strengthens reasoning and objectivity. And respect for ethics through
careful wording encourages nuanced processing of sensitive subjects.

By following these principles, you will get answers that are precisely aligned
with your needs, while respecting the standards of reasoned discourse.

Strategic prompting formulation allows you to collaboratively guide ChatGPT to
generate optimized responses tailored to your needs.

As the adoption of generative Al accelerates, mastery of prompt engineering will
become an essential analytical skill. With care, rigor and ethical considerations,
wisely designed prompts enable analysts to use the immense possibilities of Al
augmentation, while maintaining vigilant control. The future of analytics belongs to
those who learn to judiciously combine their human creativity with Al capabilities
through the channel of well-developed prompts.

Now that a strategic foundation has been laid, our exploration continues with a
deep dive into ChatGPT’s revolutionary capabilities and their integration into the
data analytics workflow. The following pages shed light on the ways in which
analysts can harness the power of this technology.
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ChatGPT for Data Analytics

The advent of ChatGPT presents a crucial milestone in the evolution of Al,
unlocking revolutionary new capabilities to automate and augment human data
analytics. Built on a foundation of deep learning at unprecedented scale, ChatGPT
provides a highly advanced LLM language model, ready to energize analytical
workflows.

This chapter provides a comprehensive guide to integrating ChatGPT into the
data analytics process. We explore ChatGPT’s origins and attributes, its
collaborative potential, integration nuances and real-world applications. We begin
by discussing the essence of ChatGPT, where GPT-4 is the latest iteration of this
technology, building on the remarkable success of its previous versions.

2.1. Exploring the ChatGPT universe: history, presentation and
capabilities

ChatGPT presents a revolutionary advance in generative Al, made possible by
recent advances in deep learning. Built by OpenAl, using self-supervised learning on
massive datasets, ChatGPT offers remarkable natural language capabilities to power a
new generation of Al applications.

2.1.1. From GPT-1 to GPT-4: generative pre-trained transformers

OpenAl has made remarkable progress in natural language processing (NLP)
with its versions of GPTs, ranging from GPT-1 to GPT-4. These models paved the
way for Al-generated content, covering a wide range of applications, such as the
generation of prose, poetry, chatbots and even coding. However it is crucial to
understand the distinctions between each model and the significant impact they have
had on the NLP field.
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Generative pre-trained transformers (GPTs) are a type of machine learning
model used in natural language processing tasks (Sedkaoui 2023; Taecharungroj
2023; Van Dis et al. 2023). These models are pre-trained on large datasets, such as
books and web pages, which enables them to generate contextually relevant and
coherent language.

In simpler terms, GPTs are computer programs capable of generating human-like
text without explicit programming. As a result, they can be fine-tuned for a variety of
NLP tasks, including question answering, translation and text summarization.

2022

117 million 2019 175 billion Morethan 1trillion

parameters G PT - 2 parameters GPT - 3 5 parameters
Early potential for - Progress in text

Potential to Paotential to zenerd intelligence generation,
generate simple generate coherent duetoits enormous complex task
text text aver several capacity managem ent
sentences

GPT-1 L5 billion GPT -3 1376 and GPT-4
parameters 175 billion

2018 2020 parameters 2023

Optimized far
specific tasks

Figure 2.1. Chronological progression of GPT

The importance of GPTs lies in their breakthrough in natural language
processing, enabling machines to understand and produce language with
unparalleled fluency and accuracy. In sections 2.1.1.1-2.1.1.4, we look at the four
GPT models, from the initial version to the latest GPT-4, evaluating their
performances and their limitations.

21.11. GPT-1

In 2018, OpenAl introduced GPT-1, its first language model using the
transformer architecture (Oxford Analytica 2023). With 117 million parameters, it
marked a significant advance over previous state-of-the-art language models.
GPT-1’s strength lies in its ability to generate a fluent and coherent language based
on prompts or context. The model is based on a combination of two large datasets:
Common Crawl, containing billions of words from web pages, and the BookCorpus
dataset, made up of over 11,000 books covering different genres. These diverse
training data have contributed to GPT-1’s robust language modeling capabilities.

However, despite its achievements in natural language processing, GPT-1 had
certain limitations. Notably, it tended to produce repetitive text, particularly when
given prompts beyond the scope of its training data. The model had difficulty
reasoning about multi-turn dialogues and lacked the ability to capture long-term
dependencies in text. In addition, its cohesion and fluency were limited to shorter
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text sequences, and maintaining coherence in longer passages was challenging.
Nevertheless, GPT-1 paved the way for more substantial and powerful transformer-
based models.

2.1.1.2. GPT-2

In 2019, OpenAl introduced GPT-2 as the successor to GPT-1. This new version
boasted an impressive 1.5 billion parameters, making it considerably larger than its
predecessor. The training data for GPT-2 had also been improved (Zhang et al.
2021), combining the vast Common Crawl dataset with the diversified WebText
dataset. One of GPT-2’s strengths was its ability to generate coherent and realistic
text sequences. Its ability to produce human-like responses made it a valuable asset
for various NLP tasks, including content creation and translation.

However, GPT-2 had some limitations. It struggled when confronted with tasks
requiring more complex reasoning and a deeper comprehension of context. While it
excelled at generating short paragraphs and text snippets, it had difficulty
maintaining context and coherence over longer passages. Despite these challenges,
the development of GPT-2 laid the foundations for further advances in subsequent
iterations of the GPT models.

2.1.1.3. GPT-3 and GPT-3.5

The year 2020 marked a significant leap forward in natural language processing
models with the arrival of GPT-3. Boasting a staggering 175 billion parameters (Zhang
et al. 2021), GPT-3 surpassed GPT-1 by more than 100 times and GPT-2 by more
than 10 times. The GPT-3 training data come from various sources (Thorp 2023),
such as BookCorpus, Common Crawl and Wikipedia, representing almost a trillion
words. This extensive training has enabled GPT-3 to generate sophisticated
responses in various NLP tasks without the need for prior data examples.

In particular, GPT-3 stood out from its predecessors in its ability to produce
coherent text, write computer code and even create art. The comprehension of
context and the generation of appropriate responses set it apart, making it ideal for
applications, such as chatbots, content creation and translation. The emergence of
ChatGPT, a conversational Al chatbot, illustrates the immense impact of GPT-3 in
the field.

Despite its remarkable capabilities, GPT-3 was not without its faults. Biased,
inaccurate or inappropriate responses could occur due to the model being trained on
large quantities of text, potentially containing biased information. In addition, GPT-3
sometimes generated irrelevant text for a given prompt, indicating its difficulty in
grasping context and background knowledge.
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In addition, the impressive potential of GPT-3 raised ethical concerns and fears
of misuse. Experts worried about its use for malicious purposes, such as the
generation of fake news, phishing mails and malware. OpenAl also introduced an
improved version, GPT-3.5, prior to the official launch of GPT-4.

Although it has the same number of parameters as GPT-3, GPT-3.5 benefits from
training on a larger dataset of text and code (Sedkaoui 2023). These extended
training data enable GPT-3.5 to generate even more realistic and complex text than
its predecessor.

Furthermore, GPT-3.5 offers improved capabilities in performing various tasks
without the need for additional training. While it cannot be considered a major
upgrade over GPT-3, it does present a significant improvement in terms of potential
performance and utility.

2.1.1.4. GPT-4

GPT-4, the latest addition to the GPT versions, was launched on March 14, 2023,
representing a significant advance on its already impressive predecessor, GPT-3.5.
Although details of its training data and architecture have not been officially
disclosed, GPT-4 undoubtedly builds on the strengths of GPT-3.5, while addressing
some of its limitations (see Appendix 2).

A remarkable feature of GPT-4 is its multimodal capabilities, enabling the model
to understand input images alongside text prompts (Open Al 2023; Oxford Analytica
2023). For example, during the live broadcast of the GPT-4 launch, an OpenAl
engineer fed the model with a hand-drawn website mock-up and, surprisingly, the
model produced functional code for the website.

In addition, GPT-4 demonstrates better understanding of complex prompts and
achieves human-level performance on various professional and traditional
benchmarks (Sanderson 2023). It also features a larger window size and context,
enabling the model to retain more information during conversations.

GPT-4 progress is pushing back the boundaries of Al tools and should find
applications in various industries. However, as with any powerful technology,
concerns about potential misuse and ethical implications surround this formidable
tool.

2.1.2. ChatGPT in practice

The introduction of GPT models has brought about a revolutionary
transformation in the field of Al, opening up a realm of exciting possibilities. Their
large scale, capabilities and complexity make them extremely valuable for a variety
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of applications. These GPT applications are diverse and impactful. Some key uses
include:

— Content generation: GPT models can generate text for a variety of purposes,
such as writing articles, blog posts, product descriptions and social media content,
making it easy to create content quickly and efficiently.

— Language translation: GPT models are able to translate text from one language
to another, using the patterns and structures they have learned during training to
provide translation services.

— Answering questions: GPT models can process natural language questions and
generate relevant and informative answers, making them useful for chatbots,
customer support systems and information retrieval.

— Text summary: GPT models can produce concise summaries of longer text
documents, which is useful for news articles, research papers or other large
documents.

— Dialog systems and chatbots: GPT models, like ChatGPT, can power
interactive and engaging chatbots and dialogue systems, understanding user queries
and providing relevant assistance.

— Creative writing: GPT models can generate creative content, such as poems,
stories or scripts, imitating the style and structure of different genres to help writers
or provide entertainment.

— Language modeling research: the GPT models play a key role in research into
language processing and understanding, serving as a reference for evaluating model
performance and exploring new techniques.

— Coding: ChatGPT can perform coding tasks in languages (Tingiris and
Kinsella 2021; Sedkaoui 2023) such as Python, JavaScript and SQL, simply by
translating instructions into natural language. For example, it can interpret “extract
the data from this API and display it in a table” to automatically generate code.

—Data analysis: ChatGPT can answer complex analytical questions about
datasets and quickly generate insightful visualizations through conversational
interactions. For example, when asked about patterns in a retail sales dataset, it
provided a detailed histogram analyzing trends.

— Customer service: based on historical customer conversations, ChatGPT can
automate common service requests, such as returns or delivery tracking, by
programmatically generating human-like responses.

These examples only scratch the surface of ChatGPT’s capabilities. From coding
to business applications, to creativity, ChatGPT’s versatility across all areas of
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knowledge makes it a profoundly disruptive technology. As capabilities mature,
ChatGPT can reshape industries from medicine to analytics and beyond. The
versatility and advanced natural language processing capabilities of ChatGPT have
made it a valuable tool in various fields.

Domain ChatGPT applications Example use cases
Medical diagnosis assistance
Personalized treatment plans Developing chatbots for patient triage
Medical research summary and | Recommendations for medical
Health and . . .
.. synthesis diagnosis and treatment
medicine . ) ;
Mental health advice Supporting patient engagement and
Clinical research and treatment adherence
development
Automated financial reportin .
p. g Developing chatbots for customer
. Customer feedback sentiment service
Business analysis
and ) ) Market analysis and forecasts
fi Personalized investment .
inance . Bank fraud detection
recommendations Fi 1 risk
™. . nancial risk management
Writing business content &
Personalized learning materials
£ Teacher support for lesson plans and
and lesson plans . .
Education ) teaching strategies
Real-time feedback and .
and . Language learning and test
. . guidance for learners .
training . . preparation
Interactive educational content . . .
. Personalized online tutoring
generation
Develoing chatbots for customer
Lead generation service
Sales and Chatbots for customer service Market analysis and forecasts
marketing | Market analysis and forecasts Marketing content creation
Sales management support Risk management for financial
products
Chatbots for customer service Analysis and forecasts for investment
Bank Financial risk management Risk management for financial
Managing personal finances institutions

Table 2.1. Applications of ChatGPT in various fields

However, as with any technology, it is essential to recognize the risks and
limitations. The remarkable ability of these models to generate highly realistic text
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and code raises concerns about potential misuse, particularly in areas such as the
creation of malware and the dissemination of disinformation.

Despite these concerns, as GPT models continue to advance and become more
widely available, they are poised to play an important role in shaping the future of
Al and NLP.

Having explored the origins and capabilities of ChatGPT, we now take a closer look
at its versatile features for data analytics tasks through intuitive natural language
conversations.

2.2. Powerful features for intelligent data analytics: natural language at
your service

ChatGPT has a versatile set of features well-suited to accelerating and improving
many facets of the data analytics workflow. By processing natural language requests
and following analytical or coding instructions, ChatGPT can help analysts unlock
deeper insights faster.

ChatGPT and other large NLP language models have shown potential for
performing data analytics tasks, with performance comparable to, or even better than,
that of human data analysts in some aspects. ChatGPT’s strengths as a data analyst
include:

— Fast processing speed: ChatGPT can perform data analysis tasks much faster
than analysts, due to its Al-based nature. This can improve work efficiency and
turnaround times. In the experiments reported in an article, ChatGPT took an
average of approximately 50 seconds to generate an analysis for a data point, while
analysts took a few minutes.

—24/7 availability: ChatGPT is available around the clock, with no breaks,
which can help organizations that need to carry out analysis work at any time of the
day.

— Lower cost: using ChatGPT, and GPT-4 in particular, would cost companies
just 0.45% of the salary of a senior data analyst for a single analysis task, and 0.71%
for a junior analyst (Cheng et al. 2023). In other words, the fractional cost of this Al
agent compared to human expertise could generate significant savings on operational
expenses related to data analytics. The productivity gains enabled by ChatGPT’s
conversational automation far exceed its cost of use, paving the way for
cost-effective and scalable analysis.

— Ability to generate a smooth and consistent analysis: evaluations reported in
the research results of Cheng et al. (2023) show that ChatGPT is capable of
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generating data analytics points with great fluidity and alignment scores, comparable
to those of data analysts. This indicates that GPT-4 can clearly and logically express
insights from data.

For data scientists, ChatGPT opens up revolutionary possibilities as a natural
language interface to accelerate analytical workflows. By conversing directly with
analysts, ChatGPT can automate a wide range of repetitive tasks (Sedkaoui 2023;
Shen et al. 2023).

Conversational capabilities Generative capabilities
Data cleaning Automated reports
Feature engineering Data storytelling
Statistical analysis Presentation development
Query generation Dashboard annotation

Table 2.2. Conversational versus generative capabilities

These capabilities allow ChatGPT to perform various data preparation tasks,
improving model performance, performing advanced analytical methods and
translating analyst questions into optimized code. Additionally, ChatGPT can also
summarize comprehensive reports and create compelling data stories.

In addition to conversational and generative capabilities, ChatGPT also unlocks
considerable computational throughput, which is essential for complex analytical
tasks. Its Al architecture offers speed and scalability beyond human cognitive limits
(Tamkin et al. 2021; Sedkaoui 2023).

Beyond raw computation, ChatGPT also demonstrates a nuanced ability to
recommend appropriate analytical approaches based on specified objectives. Its
analytical knowledge enables three levels of guidance:

— Recommending statistical tests and models perfectly adapted to the
characteristics of the available data and the insights required makes it possible to
adapt the analysis to the problem.

— Suggesting creative new ways of combining, processing or visualizing data
that may reveal non-obvious insights missed by current approaches stimulates the
imagination.

— Identifying gaps in current analysis methodology and suggesting permutations
or additional data needed for a more exhaustive investigation enables iterative
refinement.
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— By recommending statistical tests and models specifically tailored to the
characteristics of the available data, ChatGPT offers data scientists the ability to
perform more targeted and precise analyses. By identifying the analysis methods
best suited to the problem at hand, ChatGPT saves time and maximizes the use of
their resources.

— By suggesting creative new ways of combining, processing or visualizing data,
ChatGPT opens up new perspectives and possibilities for data exploration. This
innovative approach stimulates the imagination of data analysts by encouraging them
to consider unconventional approaches to analyzing data and uncovering hidden
insights that might otherwise go unnoticed.

— ChatGPT also plays a crucial role in identifying gaps in the current analysis
methodology. By suggesting permutations or additional data needed to conduct a
more exhaustive investigation, ChatGPT brings rigor to the data analytics process,
which allows for iterative data analytics that progressively improves the quality and
reliability of results.

What is more, ChatGPT’s versatile nature as a programming and code debugging
tool opens up a world of possibilities in a variety of fields. Thanks to its advanced
natural language processing capabilities, ChatGPT can be used to streamline the
coding process and improve software development efficiency. When it comes to
code generation, developers can rely on ChatGPT to generate code snippets that
perfectly match their needs, thus saving valuable time and effort. In addition,
ChatGPT’s code optimization capabilities are invaluable for refining algorithms and
data structures, improving application performance and scalability.

When it comes to debugging, ChatGPT is indispensable. By analyzing code
structure and error messages, analysts obtain valuable insights and
recommendations, speeding up the identification and solving of problems. What is
more, ChatGPT can help with code documentation, ensuring that software is well
documented and easy to understand for future maintenance and collaboration.

Furthermore, ChatGPT’s analytical prowess comes into play in the code review
process. It can assess code against coding standards and best practices, offering
constructive feedback to improve code quality and robustness. As industries rely
increasingly on software solutions, ChatGPT’s role as a competent programming
and debugging tool is set to revolutionize software development, enabling developers
to create applications that are more efficient, reliable and innovative.

ChatGPT’s fine-tuning for language modeling tasks opens up a wealth of
possibilities for data scientists. The model’s ability to understand context and
semantics enables it to create language models that excel in a variety of applications.
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The integration of ChatGPT into conversational systems, chatbots and virtual
assistants enables data analysts to develop interactive, context-sensitive Al agents.
These intelligent agents can converse with users in natural language, answering
queries, providing recommendations and assisting with tasks. The potential for
personalized, human-like interaction opens up new possibilities for customer support
and service automation.

ChatGPT can be refined to understand specific languages or domains, making it
a valuable tool for tasks such as named entity recognition, part-of-speech tagging
and sentiment analysis. For example, a data analyst can customize ChatGPT to
perform sentiment analysis in the financial field, providing insights on market
sentiments and trends.

ChatGPT is revolutionizing the NLP landscape, empowering data scientists with
its versatile capabilities. From content generation to language understanding, to
coding, ChatGPT is proving to be a game changer in various fields, promoting
innovation and efficiency in Al-based applications. As the field of NLP continues to
advance, ChatGPT is set to play an increasingly vital role in shaping the future of
natural language processing and human—Al interactions. The responsible
development and deployment of ChatGPT will be crucial to realizing its full
potential, while ensuring that ethical considerations are respected in its applications.

2.3. ChatGPT versus data scientists: an intelligence battle that looks
like an alliance

ChatGPT’s natural language capabilities enable a human—Al partnership that
reinvents the data analytics process. By collaborating seamlessly, ChatGPT and data
analysts can complement each other to acquire more powerful insights. This vision
promises to expand and elevate the role of the data analyst.

2.3.1. Seamless communication and key features of an effective
partnership

At the heart of seamless teamwork between data analysts and ChatGPT is the
natural language conversation capability, which facilitates a smooth and synergistic
collaboration. Thanks to this intuitive interface, analysts can communicate their
objectives, questions and prompts to ChatGPT in a simple conversational language,
avoiding the need for complex code. This interactive dialogue allows ChatGPT to ask
clarifying questions, seek clarification and ensure a precise understanding of
assigned tasks. This human—machine collaboration reflects the natural exchange
between colleagues working together to solve problems.
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A key feature of this collaboration is the ability for data analysts to provide real-
time feedback as ChatGPT works to refine its performance. This interactive learning
allows ChatGPT to integrate human advice to continually improve its outputs.
ChatGPT can also explain its actions and suggest analytical steps for validation, thus
reinforcing transparency and trust in the analytical process (Sedkaoui 2023).

Thanks to this collaboration, analysts can exploit ChatGPT’s capabilities on-demand
to speed up the acquisition of meaningful insights. However, it is essential to remain
vigilant against risks, including bias, as Al has no inherent sense of ethics.
Responsible coordination is needed to ensure that the benefits of this collaboration
outweigh the risks.

For this collaboration to be truly symbiotic, certain key attributes must be
respected. Clear communication of objectives, constraints and deadlines establishes
alignment, as ChatGPT depends entirely on human instructions for direction. Full
transparency about ChatGPT’s capabilities and limitations is crucial to build trust
and set appropriate expectations.

Responsible human surveillance is non-negotiable to ensure the safety and ethics
of the analytical process. Humans must maintain control and oversight of all
analytical pathways, model assumptions and decisions.

Regular feedback from analysts is essential to iteratively improve ChatGPT’s
work and mitigate risks, as Al systems require ongoing guidance.

Finally, ethical alignment on priorities such as data privacy, algorithmic fairness
and transparency is essential if ChatGPT is to empower data analysts responsibly.

With thoughtful coordination and responsible implementation of these principles
ChatGPT can work in close symbiosis with data scientists, becoming a seamless
extension of the team. This human—machine collaboration promises to significantly
amplify human potential in the field of NLP.

The effective integration of generative Al, such as ChatGPT, into data analytics
fundamentally redefines the role of the human data analyst. Thanks to the automation
of mechanical tasks by Al, data analysts can now focus more on higher-order tasks.
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The analyst’s role before generative Al The analyst’s role with generative Al

Setting strategic orientations

Performing analyses and analytical plans

Creative identification of new data

Identification of standard questions .
connections

Dynamic adjustment

Rigid planning of the analytical direction

Critical evaluation and interpretation

Data processing and execution
p g of model results

Communication

Communicating findings of stakeholders’ needs

Table 2.3. Evolution of the data analyst’s role with generative Al

As illustrated in Table 2.3, data analysts can devote more time to setting strategic
orientations for analytical plans and workflows. They can be freed from execution
and focus on creative thinking and strategic planning, elevating their role within the
organization.

Generative Al inspires curiosity by identifying new data connections and asking
new investigative questions. This leads to breakthroughs and discoveries that might
previously have been missed. So, with access to Al-accelerated insights, data
analysts can now dynamically adjust analytical direction based on discoveries in the
process. This makes data analytics more adaptive and responsive to changes.

With Al taking charge of task execution, critical evaluation and interpretation of
model results become the main added value of the analyst. Human judgment comes to
the fore, enabling a deeper understanding of the results. With generative Al, analysts
can now focus on communicating findings and insights to stakeholders, reinforcing
their role as key communicators within the company.

As a powerful and innovative assistant, ChatGPT positions itself as a valuable
ally and facilitator in the data analytics process rather than a threat that could replace
the data analyst. In the future, its effective integration into the field of analytics aims
to fundamentally redefine the main responsibilities of the human analyst, freeing
them from mechanical tasks and enabling them to concentrate on higher-added-
value intellectual activities.
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2.3.2. ChatGPT, between ally and threat

So far, we have focused on the collaborative aspect of ChatGPT and the LLMs.
These models can automate some of the tasks that data analysts currently perform,
such as data cleaning and exploratory data analysis. This could lead to a reduction in
the demand for data specialists in these areas.

The emergence of model-based machine learning (LLM) like ChatGPT is poised
to significantly reduce the barriers to entry in data science and analytics (Sedkaoui
and Khelfaoui 2020). In the future, there will be less need to master different
software, as we will be able to exploit the power of LLMs to accomplish tasks,
which previously took hours, in minutes.

Let us take the example of a company wishing to quickly extract and analyze its
data stored in Excel sheets. Thanks to a ChatGPT—Excel integration, the company
can simply highlight the cells to be analyzed and ask questions such as: “What is the
trend in sales figures over the last quarter?”; or: “Can you perform a regression
analysis?” The integration of products in this way will improve accessibility to
Excel and similar software for people who do not usually use them, which will
ultimately lead to decreasing the demand for experts proficient in these tools.

ChatGPT’s code interpreter plugin illustrates the growing democratization of
data science workflows. With this plugin, we can run Python code and perform data
analytics in the chat interface. We can also download CSV files and take advantage
of ChatGPT’s support to clean up, analyze and create statistical models with our
data.

Once we have analyzed the data and specified our objectives, ChatGPT will guide
us through the necessary steps to achieve the desired outcome. It will then proceed
with the analysis and modeling, providing explanations at every stage of the process.
For example, ChatGPT can determine the optimal parameters to generate forecasts
with ARIMA. While a data analyst would typically take approximately three to four
hours to complete this task, ChatGPT can do it in a matter of minutes by simply
processing the data provided.

This remarkable achievement considerably reduces the level of expertise
required to facilitate the model building process. In this case, we can ask ourselves
the following question: Is human expertise in this field still necessary? The answer
is: absolutely.

Despite advances in Al capabilities for coding and model building, human
experts remain essential to oversee the process. Although LLM models have
advanced, they can still generate incorrect codes and make erroneous decisions when
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creating statistical models. As a result, companies will always need qualified
professionals with statistical and programming expertise to oversee the data analytics
process and guarantee accurate model prompts.

LLMs, like ChatGPT, are not capable of creating data products in their own
right, so humans will always be needed for tasks such as gathering requirements,
debugging and model result validation. However, the efficiency gains generated by
these natural language models will lead to a reduction in the number of personnel
needed to perform these tasks.

The impact of this development may first be felt in entry-level big data analytics
jobs, as LLMs can already master intermediate-level coding and analytical
workflows (Hilton et al. 2021; Tamkin et al. 2021).

However, data scientists will still be needed to develop and train these models, as
well as to interpret their outputs and communicate them to stakeholders. Their role
encompasses much more, including data preparation, analysis, visualization and
model building. Furthermore, they will always be needed to perform tasks that these
models cannot, such as experimental design and data collection.

According to data from the US Bureau of Labor Statistics (2022), the demand for
data scientists is projected to surge 22% by 2030, well above the average growth rate
for all professions. This increase is driven by the growing use of data within
companies and organizations of all sizes.

In today’s landscape, data scientists are in high demand due to the diversity of
skills they are expected to possess (McKinsey 2023). In addition to expertise in
statistical modeling and coding, experts in this field must also master SQL for data
extraction, work with tools such as Tableau and PowerBI for data visualization, and
communicate insights effectively to stakeholders.

So, it is true that ChatGPT is a valuable tool for facilitating certain specific tasks
in the data analytics process, such as data cleaning and pre-processing. However, its
capabilities are limited, and it cannot completely replace the role of a data analyst.
Data analytics, big data and data science are multifaceted fields (McAfee and
Brynjolfsson 2011; Sedkaoui and Khelfaoui 2020) that require a mix of technical
expertise, domain knowledge and critical thinking, making complete automation
difficult.

Although ChatGPT improves efficiency in some areas, it cannot replace the
indispensable nature of human expertise and judgment in data analytics, model
building and interpretation and decision-making processes. Additionally, data
analytics is a constantly evolving field, continuously introducing new technologies
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and methods. Human adaptability and creativity remain essential if we are to exploit
these advances effectively. In this dynamic landscape, ChatGPT, or any other
generative Al tool, will complement, but not replace, the invaluable role of a skilled
data analyst (Sedkaoui 2023).

Roughly speaking, the implementation of Al could indeed lead to a displacement
of jobs in specific areas, but it will also create new opportunities in areas such as
data analytics, model development and maintenance. Moreover, improvements in Al
productivity in various industries can fuel economic growth and open doors to new
job prospects.

As technology advances, it will be crucial to adapt and improve skills to exploit
the advantages of Al while preserving the human traits that cannot be reproduced by
machines. It is in this context that plugins are formidable allies, enhancing the basic
capabilities of models such as GPT in data analytics.

2.3.3. Automating data science workflows: unleashing the potential of
ChatGPT plugins

ChatGPT captured our hearts and minds as an adorable Al prodigy — eager to
learn, endlessly curious, bursting with potential. Like a bright toddler continually
absorbing new skills, ChatGPT has demonstrated a prodigious capacity for
knowledge. But how can we nurture this potential from promise to capability — from
toddler to sage?

The answer lies in augmenting its capabilities via powerful complementary
modules, which can act as additional tutors, instilling new talents into ChatGPT
through hands-on learning. This is the remarkable transformation that occurs when
ChatGPT meets its dynamic companions: plugins.

You may already be familiar with this term, which you have probably come
across on the previous pages of this chapter. Plugins are third-party integrations that
extend the capabilities of the basic ChatGPT model in a powerful way, tailored to
data science workflows. At its core, ChatGPT has strong natural language processing
skills, but lacks direct access to data or specialized analytical tools. Plugins fill this

gap.

Think of plugins as additional accessories integrated into a powerful basic
system, similar to the way Tony Stark’s basic Iron Man suit integrates extra modules
such as JARVIS or rocket thrusters when needed for specialized tasks. In the same
vein, plugins augment ChatGPT’s fundamental intelligence with extended
functionality.
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They work by linking ChatGPT conversations to external data sources, analysis
libraries, visualization engines and more. This offers the best of both worlds — the
conversational, generative nature of ChatGPT and the programming capabilities
combine into a simple yet powerful data analysis experience.

For example, the Wolfram/Alpha plugin performs expert-level statistical analysis
via conversational prompts.

Code-type plugins, such as Code Interpreter, execute blocks of code in Python
and other languages directly into chats. Web integrators, such as WebPilot, retrieve
sites or import APIs according to conversational instructions. Zapier channels data
between thousands of applications to automate workflows.

Plugin Functionality

Data exploration . . . .
P Enables interactive data exploration via natural language

assistant
Code assistance Provides intelligent code suggestions for data science
Data visualization Generates data visualizations from conversational
wizard prompts
Machine learning A guide to the creation and evaluation of machine
advisor learning models
Data cleaning expert Identifies and addresses data quality issues

Statistical analysis . . . . .
Y Provides statistical expertise for rigorous analysis

companion
Data storyteller Generates compelling data-driven stories
WebPilot Navigates websites and extracts data
ScholarAl Finds and summarizes academic articles
Wolfram Accesses the Wolfram/Alpha knowledge base
Code interpreter Executes and interacts with code snippets
ChatWithGit Enables Git-based version control and collaboration
LinkReader Summarizes articles and web resources
Noteable Takes, stores and organizes notes
ShowMe Generates diagrams and graphs from text descriptions
Zapier Connects and automates tasks between applications

Table 2.4. List of ChatGPT plugins for data analytics
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So, if the ChatGPT base is the curious child, the plugins are the teachers that
cultivate its capabilities. These robust extensions elevate data analytics to
unprecedented heights, making them an invaluable asset you will not want to
overlook.

As new plugins emerge, ChatGPT can intelligently interface with virtually any
system through a natural dialogue (Chen and Li 2023). Analysts benefit from
immense analytical versatility without programming or technical expertise.

Now, imagine these plugins integrated into future versions, such as GPT-4. The
base model itself will have greater analytical prowess. Plugins will grant it domain-
specific superpowers — like Tony Stark preparing for a mission with different
accessories.

GPT-4, combined with SQL Assistant, becomes an unbeatable conversational
database query engine. Plotly reinforces its keen sense of visualization. The execution
of the code interpreter enables programming on the fly. Together, they form a
formidable analysis team — the flexibility of human conversation with an Al
assistant equipped with specialized tools.

This is the real promise of the plugin ecosystem — transforming ChatGPT from a
narrow Al into a versatile analytical collaborator. As the plugins enhance its data
analysis capabilities, we move closer to true augmented intelligence that empowers
every user. The future holds exciting possibilities as Al assistants acquire extended
functionalities through human—machine teamwork.

2.4. Benefits and challenges of integrating ChatGPT into data analytics
workflows

ChatGPT integration promises huge productivity benefits for data analysts, as
well as raising important ethical considerations. By striking the right balance between
the two, data scientists can strategically leverage ChatGPT to improve their analytical
processes.

2.4.1. Unlocking analytical potential and reducing costs

With its potential to automate a variety of repetitive, natural language-coded tasks,
ChatGPT paves the way for considerable productivity gains in data processing.
Examples show that data cleaning and manipulation can be accelerated by up to five
times compared with current methods (Sedkaoui 2023). Similarly, ChatGPT is able
to translate conversational natural language questions into SQL, Python or other
code in a matter of seconds, eliminating hours of manual work.
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These impressive advances do not mean, however, that ChatGPT can completely
replace the role of data scientists. Despite its growing capabilities, this generative Al
cannot yet understand context and meaning in the same way as human beings. Tasks
that require critical reasoning, creativity or human interaction remain beyond its
current capabilities. Consequently, collaboration between Al and data scientists is
essential to make the most of this technology while avoiding potential errors.

The benefits of this collaboration are numerous. By offloading repetitive and
automatable tasks, ChatGPT frees up analysts’ time, so they can focus on higher
added-value tasks. For example, automated reports enable analysts to focus on
interpreting results and finding unique insights, rather than spending time on
visualizing and assembling dashboards. Automation of queries provides interactive
exploration of large datasets, which was previously difficult to achieve.

In addition to productivity gains, ChatGPT considerably extends analytical
scope. Thanks to its ability to rapidly translate natural language questions into high-
performance code, it becomes possible to query massive datasets in real time. New
correlations and metrics can be uncovered by ChatGPT during real-time
conversations, paving the way for further exploratory analysis. Predictive modeling
and large-scale scenario analysis also become feasible thanks to the accelerated
execution of generative Al

However, it is essential to note that generative Al remains imperfect and requires
a responsible approach to its use. The implementation of rigorous verification,
monitoring and governance is essential to avoid potential errors and ensure ethical
use of this technology. Human—AlI collaboration is essential if ChatGPT is to be
integrated responsibly into data analytics processes.

In addition to productivity gains and the expansion of analytical possibilities, the
automation workflow with ChatGPT also promises significant cost and resource
savings for organizations. The time spent on reporting, visualization and dashboarding
can be considerably reduced thanks to ChatGPT’s automated storytelling and
synthesis capabilities. This time-saving presents thousands of precious human hours
saved.

In addition, the overall operating costs of data analytics could be reduced through
the efficiencies gained by using generative Al. This could enable organizations to
reduce the size of their analyst teams while maintaining the same workload.
Dependence on scarce and expensive data science talent could also be reduced
thanks to ChatGPT’s assistance, which enables business analysts to manage more
advanced workflows via its natural language interface.
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While incredibly promising, thoughtful management of ChatGPT integration is
crucial to ensure that the benefits outweigh the potential drawbacks. The way forward
requires a delicate balance between human and artificial intelligence in data
analytics. Several challenges need to be addressed to exploit its full potential impact.
These challenges include:

— Bias and fairness: generative models, including ChatGPT, are likely to reflect
biases present in the training data. Analysts must be vigilant and carefully review the
generated outputs to ensure that sensitive attributes, such as gender, ethnicity or age,
do not influence the results. The presence of bias can have a significant impact on
decision-making, leading to undesirable consequences, such as inequalities or
discrimination. To ensure fair analysis, efforts should be made to mitigate potential
bias and improve the diversity and representativeness of training data.

— Explainability: the opacity of the neural networks used in generative models
can be a challenge in terms of explainability. Analysts and users need to understand
how and why results are generated, so that they can interpret and explain the
information produced by ChatGPT. Research is underway to develop methods that
make generative models more transparent and interpretable. Explainability is
essential to establish trust in the results of generative Al and for decision-makers to
be able to make informed decisions based on the information produced.

— Information security: generative models, especially when used in sensitive
areas or with confidential data, must be subject to rigorous access controls. It is
crucial to prevent privacy violations and data breaches by ensuring that only
authorized persons have access to information generated by ChatGPT. Data
protection is essential to maintain the trust of stakeholders, be they customers,
employees or the general public.

— Redefining roles: the introduction of generative Al in the data analytics process
may lead to a redefinition of data scientists’ roles. They will need to acquire new
skills to supervise and collaborate with generative models, in addition to their
traditional programming. This may involve rapid model engineering, interpreting
generated output and solving problems related to generative Al. This redefinition of
roles will enable analysts to collaborate more effectively with Al technologies, and
to integrate them responsibly into their workflows.

— Monitoring model errors: like all Al systems, generative models can produce
errors or unexpected results (Liebrenz et al. 2023). Given that ChatGPT can generate
misconceptions or hallucinations, robust testing and monitoring mechanisms are
needed to guarantee the reliability of the output. Experts need to be aware of the
model’s limitations and ensure that results are verified and validated before making
important decisions based on the generated information.



40 Automated Data Analytics

— Intellectual property protection: the use of generative Al raises concerns about
the protection of intellectual property. When generative models are used to generate
proprietary analytics, it is possible for competitors to reproduce these analyses by
training their own models. It is therefore essential for organizations to put
appropriate protection measures in place to safeguard their intellectual property and
proprietary analytics.

As a result, while generative Al offers tangible benefits, it also introduces risks
for data analytics. To realize its full potential, organizations must adopt
comprehensive governance frameworks, foster human surveillance and promote
collaboration between analysts and technologists. Responsible implementation of
these technologies can significantly accelerate the ability to extract valuable insights
from large datasets, improving decision-making at all levels.

It is important to note that while generative Al contributes to automation, it does
not replace the essential role played by human analysts. Analysts provide judgment,
context, quality control and direction for generative AI. Collaboration between
humans and machines takes advantage of their respective strengths, leading to more
impactful and informed data analytics.

We now move on to Chapter 3, which takes a closer look at how ChatGPT’s
capabilities can be used to speed up critical data preparation tasks, such as cleaning,
pre-processing and feature engineering.



3

Data Preparation
for Analysis with ChatGPT

Data preparation is a critical and very important step in the data analysis process.
It involves cleaning, transforming and formatting data, so that they can be analyzed
efficiently. This task can be time-consuming and challenging, but it is essential to
ensure the accuracy and reliability of data analytics results.

ChatGPT is an LLM that can be used to understand and respond to natural
language queries. ChatGPT is a powerful tool for data preparation, to automate tasks
such as loading, cleaning, and splitting datasets; identifying and removing missing or
outlier data; data normalization; text processing; and the creation of new features.
This facilitates the process of data preparation for analysis.

Using this generative Al model, you can automate many of the tasks involved in
data preparation, freeing up your time to focus on other aspects of the data analytics
process.

In this chapter, we provide a detailed overview of how to use ChatGPT for data
preparation. We start by discussing the basics of data preparation, then show you
how to use ChatGPT to automate the various tasks. We also provide some tips and
tricks for using ChatGPT effectively.

3.1. ChatGPT in charge of preparing our datasets

Data preparation, as a crucial step in the data analysis process, is the key to
unlocking the potential of data analytics. This involves a series of tasks aimed at
ensuring that data are in a clean, usable and structured format. By cleaning,
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transforming and formatting data, data analysts can prepare them for analysis and
extract valuable insights.

Data cleaning is the initial and fundamental task in data preparation. It involves
identifying and rectifying any errors or inconsistencies in the data. These may include
typos, missing values, duplicate records or outliers. Addressing these issues is
essential to guarantee data accuracy and reliability. Incorrect or missing data can have
serious repercussions on the results of data analytics and decision-making processes.

Data transformation then comes into play. This stage consists of converting the
data into a format suitable for analysis. For example, converting categorical data into
numerical values enables calculations and modeling. Scaling data to a consistent
range ensures that variables at different scales do not disproportionately influence the
analysis.

Data formatting focuses on organizing data in a way that is easy to understand
and analyze. The creation of summary tables and the generation of logical data
structures are all part of data formatting. This process improves data accessibility and
enables patterns, trends or anomalies to be identified quickly.

Although data preparation can be time-consuming and challenging, it is a critical
process that has a significant impact on the quality and accuracy of the insights
derived from data analysis. Good data preparation ensures informed decision-making
based on reliable information (Davenport and Harris 2007).

To ensure efficient data preparation, several principles must be followed.
Beginning with a clear understanding of data objectives and potential problems helps
to focus efforts. Adopting a systematic and consistent approach, using appropriate
tools such as Excel, Python or R, ensures repeatability and reliability. Testing
prepared data against known values or running different analyses helps to verify the
accuracy of results.

While it is essential to adhere to these principles, data preparation can still be a
challenging process, especially when dealing with large, big data-type, and complex
datasets (Sedkaoui 2018a; McKinsey 2023). By using ChatGPT to automate data
preparation tasks, we can save time and improve the accuracy and reliability of our
results. This generative Al model can be used to assist with data preparation in
several ways.

3.1.1. Data cleaning

By using ChatGPT, we are able to identify errors in our data by asking simple
questions in natural language. For example, we could ask ChatGPT things like: “Are
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there duplicate values in this column?”; or: “Are there typos in this column?”
ChatGPT will spot these potential errors and point them out, enabling us to quickly
correct problems in our data.

Furthermore, ChatGPT can also help us eliminate duplicate data by allowing us
to easily identify and delete rows that are exactly the same. For example, we can ask
ChatGPT: “Remove all duplicate lines from this dataset”. ChatGPT will then perform
this cleaning task.

In addition, ChatGPT offers the ability to fill in missing values in our data. If we
have empty cells in the “age” column, for example, we simply ask ChatGPT: “Fill in
the missing values in the ‘age’ column with the average age of all rows”. And
ChatGPT will perform this task intelligently, calculating the average of the available
ages and replacing it in the empty cells.

3.1.2. Data transformation

With the help of ChatGPT, we can transform categorical data
into numerical data by asking it to identify and label the various categories. For
example, simply ask ChatGPT: “What are the categories in the ‘gender’ column?”;
then ask it: “Attribute a number to each category in the ‘gender’ column”. The
generative Al model will then take over this task by associating numerical values
with each category, making the categorical data usable for numerical analysis. This
transformation facilitates data manipulation and interpretation, enabling statistical
operations and predictive models on previously categorical variables.

ChatGPT makes it possible to scale data by asking it to identify and perform this
operation, so that all values are harmonized on the same scale.

For example, simply ask the question: “Scale the data in the ‘age’ column so that
it lies between 0 and 17, and ChatGPT will take over this task to normalize the data,
making it easier to compare and coherently analyze. This enables heterogeneous
datasets with different value ranges to be processed efficiently and harmoniously.

3.1.3. Data formatting

Generating summary tables is child’s play with ChatGPT’s capabilities. We can
simply ask ChatGPT to identify and summarize the data in a table. For example,
“Create a table summarizing the data in the ‘age’ column”. In response, ChatGPT will
quickly process the data and provide us with a well-organized summary table,
making data presentation and analysis more efficient.
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To visualize data, ChatGPT comes to the rescue once again. It can identify and
visualize data in a table, and it can also suggest relevant visual presentations. For
example, we can ask: “Which graph will best present the data in the ‘gender’
column?” ChatGPT will quickly generate a list of charts corresponding to this type
of data.

Data preparation

% % % Cleaning Transformation Formatting

Collected data

A J

- Erroridentification
- Generating summary

tables
- Suggesting appropriate
graphical presentations

- Removal of duplicate - Converting categerical
values data te numerical data
- Filling in the missing - Data scaling

values

Figure 3.1. ChatGPT’s role in data preparation tasks

However, it is important to remember that ChatGPT is trained on a massive
dataset of text and code. This means that if input data from ChatGPT are inaccurate
or incomplete, output data from ChatGPT may also be inaccurate or incomplete. To
avoid this, it is important to carefully prepare the input data for ChatGPT. This
includes identifying and correcting errors or missing values, and ensuring that data
are formatted in a way that ChatGPT can understand.

By following these procedures, we can guarantee the accuracy and reliability of
the data produced by ChatGPT. This will avoid the GIGO (Garbage In, Garbage
Out) principle, which emphasizes that the quality of the output of an IT program
depends on the quality of the input data, and thus ensure the success of our data
preparation activities.

This principle is particularly important in the context of data preparation, where
the quality of input data can have a significant impact on the accuracy and reliability
of the results (Hazen et al. 2014; Sedkaoui 2018a). By performing careful
preparation, we will be able to take full advantage of ChatGPT’s capabilities and
obtain good results for our analyses and decision-making.
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3.2. Automated cleaning and pre-processing for optimum results with
ChatGPT

Data preparation is usually a time-consuming and difficult task, but it is essential
to ensure the accuracy and reliability of our results. Data cleaning involves a more
comprehensive set of tasks, encompassing not only the data cleansing, but also the
identification and elimination of duplicates, incomplete records and irrelevant data.

By taking the time to prepare our data correctly, we can improve the efficiency
and accuracy of the data analysis performed and ultimately make better decisions.
However, time efficiency is also essential, and technological advances, such as
ChatGPT, enable rapid data preparation. By generating large volumes of synthetic
data, data scientists can improve the efficiency of their models, reduce the time and
costs associated with data collection and bypass the privacy and security risks
inherent in using real data (Lucini 2021; Martineau 2022).

By exploring these technologies to automate data preparation steps such as
cleaning and pre-processing, we can not only save valuable time, but also process
larger volumes of data in less time.

By automating this essential task, companies can optimize their resources, boost
the accuracy of results and guard against potential errors, marking a new era in data
preparation and analysis.

Automated data cleaning and pre-processing have become increasingly vital in
data science projects. This essential step implies laborious and time-consuming
manual tasks. However, a breakthrough in natural language processing (NLP) comes
in the form of ChatGPT, a cutting-edge tool that offers the potential to automate data
cleaning and pre-processing, revolutionizing the way we manage these critical tasks.

ChatGPT is an invaluable aid in the data cleaning process, a crucial task for
improving data quality. Often, large datasets contain errors that need to be identified
and rectified before accurate analysis. Drawing on its substantial language model,
ChatGPT has the ability to detect inconsistencies and erroneous values in data, dealing
with problems such as missing data, formatting discrepancies and inaccuracies. By
effectively identifying a range of data anomalies in various fields, ChatGPT speeds
up the detection process.

In addition, it provides actionable suggestions for error resolution, streamlining
data cleaning efforts and reducing the time spent on manual review. This automation
of data validation and correction reduces the time spent on repetitive tasks,
optimizing resources for more strategic analysis and insights.
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This intelligent technology cleverly detects typos, misspellings, punctuation
errors and other inconsistencies that may plague data. What’s more, it goes beyond
simple error identification, identifying patterns in the dataset and even suggesting
appropriate corrections.

Automated cleaning and pre-processing data cleaning with generative Al tools,
such as ChatGPT, also offer a consistent and reproducible approach, eliminating the
human variations that might arise during manual tasks. This ensures that our
analyses can be easily reproduced for validation and verification. Additionally, this
automation frees the data scientists from repetitive and time-consuming tasks.

Thanks to its advanced features, ChatGPT can identify and process outliers in the
data, ensuring the veracity of the final results. The incorporation of ChatGPT into
data cleaning procedures offers significant benefits, including time and cost savings
by reducing the need for extensive manual work and increasing the accuracy of
results. In addition, it helps to mitigate the risks associated with data errors,
safeguarding the integrity of the analysis.

In essence, ChatGPT’s involvement in data cleaning improves data accuracy and
quality, for more reliable analyses. Table 3.1 illustrates how ChatGPT makes data
cleaning and pre-processing easier and more efficient.

Feature Description
NLP language Uses advanced NLP technology, allowing users to interact with
processing the tool using natural language
Error detection ChatGPT’s machine-learning algorithms automatically detect
and correction and correct errors, such as typos and duplicates
Imputation of Identifies and fills in missing values, reducing the need for
missing values manual data entry
Data type Deduces data types, guarantees formatting and compatibility for
inference analysis

Detects and eliminates irrelevant words, phrases and out-of-

Noise removal . . .
context data, improving data quality

Pattern Identifies patterns indicating errors or inconsistencies, thus
identification improving data accuracy

Generates comprehensive reports summarizing data

Report generation . s o .
portg and identifying potential issues for prompt resolution

Table 3.1. How ChatGPT improves cleaning and pre-processing of data
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However, it is important to note that automation does not entirely replace human
intervention. Human expertise remains necessary to understand the context of the
analysis, select the right data preparation methods and correctly interpret the results
obtained. Collaboration between Al and data experts is therefore essential to take
full advantage of these technological advances and achieve high-quality analyses.

Beyond accuracy, automation also offers considerable time and effort savings, a
crucial advantage when it comes to processing large volumes of data. Manual
cleaning and the pre-processing of large quantities of data can be tedious and
time-consuming, but automation streamlines these tasks, freeing up valuable time
for more strategic analyses (Mollick 2022; Sedkaoui 2023).

Consistency is another essential aspect that automation improves. This
consistency is invaluable for maintaining the integrity of data-driven analyses. In
addition, the automated process enables effortless adaptation of data to various
analyses, eliminating the need for manual adjustments each time a new analysis is
performed. This flexibility enhances the agility of data analytics, allowing different
approaches to be explored quickly, and more in-depth insights to be obtained from
the data.

In addition to these advantages, automation of cleaning and pre-processing also
improves data quality. Automated tools can identify and rectify errors and
inconsistencies resulting in data that are better suited to analysis. When considering
automated cleaning and pre-processing, several factors need to be taken into account.
The type of data being analyzed is an important consideration, as different types of
data may require specific cleaning and pre-processing approaches. For example,
textual data may require different processing from digital data.

In addition, the objectives of the analysis influence the choice of cleaning and
pre-processing methods. The objectives of the analysis determine the most
appropriate approach to data processing, whether it is a question of pattern
identification or predictive modeling. Resource availability is another crucial factor.
Limited resources, such as time and computing power, can influence the choice of a
less complex solution.

In this context, a clear strategy needs to be mapped out, clarifying how to
automate cleaning and pre-processing for optimal results with ChatGPT. To begin
with, it is essential to have a clear understanding of the data, including the objectives
of the analysis, the type of data we have and potential data problems. This
understanding will help us to choose the right data preparation methods and to use
ChatGPT effectively.
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So, taking into account that when we interact with ChatGPT, it is best to use natural
language. Given its in-depth training on a vast dataset of text and code, ChatGPT is
better at understanding natural language questions than technical jargon. Being
precise in our questions increases the likelihood of getting accurate and useful
answers. Instead of asking a general question like “How do I clean up my data?”, it is
better to ask: “How do I remove duplicate rows from the ‘age’ column?”

An interesting feature of ChatGPT is its ability to generate code that can be used
to automate the data cleaning and pre-processing. By taking advantage of this
feature, we can save a lot of time and effort in the preparation process. However, it is
essential to test the results obtained. This validation process ensures that the results
are accurate and reliable.

In addition to the main tips, consider using a consistent denomination convention
to help ChatGPT better understand the data and generate the appropriate code.
Incorporating comments into the code will also help to document steps and make
them more understandable to others. The use of version control is another useful
practice, as it makes it possible to track changes made to the code and revert to
previous versions if necessary.

Automated cleaning and pre-processing can help guarantee accuracy and
reliability. This is particularly important for machine learning and Al applications,
where even small errors in the data can have a significant impact on the results.
However, it is important to automate the process of cleaning and pre-processing so
as not to introduce new errors. This means that the process must be able to identify
and handle missing data and outliers.

3.3. Handling missing data, outliers and other common data issues

The management of missing values and outliers is an essential aspect of data
preparation as these factors can have a significant impact on the accuracy and
reliability of the data analysis.

Missing values are data points that are missing from a dataset and can occur for a
variety of reasons, such as human error, data corruption or incomplete surveys. On
the other hand, outliers are data points that deviate significantly from the rest of the
data, and they can be a sign of errors or issues in the data or be legitimate data points
that fall outside the range.

To address missing values and outliers, several approaches can be used,
depending on the specific dataset and the analysis to be performed. To handle
missing values, options include deleting rows or columns containing missing values,
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imputation of missing values with estimated values using different imputation
methods or processing outliers as missing values, which means ignoring them or
handling them as missing values. Alternatively, it may be useful to define outliers
and adjust the analysis accordingly, when outliers are identified and the analysis is
modified to account for them.

Appropriate management of missing data and outliers is essential to ensure the
accuracy and reliability of data analysis, as this can lead to better results and more
meaningful insights. This is particularly important in decision-making processes that
rely strongly on data-driven information (Chen et al. 2012; Sedkaoui 2018a).

Furthermore, there is no single solution for dealing with missing values and
outliers. Data scientists must carefully consider the specific characteristics of the
dataset and the analysis requirements before selecting the appropriate approach. By
thinking through the approach, they can make informed decisions and avoid
potential pitfalls in the data analytics process.

Testing results after managing missing data and outliers is also crucial. This helps
to validate the data preparation process and ensure that the analysis produces reliable
and meaningful results. Comparing results with known values, or performing
different analyses on data, may reveal discrepancies or errors that need to be
corrected.

ChatGPT, with its powerful natural language processing (NLP) capabilities, can
play an important role in managing missing data, outliers and other common
data-related issues. Table 3.2 illustrates how ChatGPT can assist in each of these
areas.

ChatGPT makes it easy to process missing data by identifying missing values in
a dataset using generated code, enabling analysts to understand the extent of such
missing data. Depending on the dataset and analysis objectives, ChatGPT can also
generate code to impute missing data using various statistical techniques, or suggest
processing as a separate category for categorical data. In addition, ChatGPT helps
manage outliers by identifying data points that deviate significantly from the
expected range and generates code to remove, replace or transform them, thus
ensuring that outliers do not unduly affect data analytics.

Beyond missing data and outliers, ChatGPT can provide code solutions for a
variety of other data-related issues. These include data cleaning tasks, such as
correcting typos, deleting duplicates and formatting inconsistencies, which are
essential for ensuring accuracy.
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How?
Domain
Identification Processing
Generate code to process missing data to suit
Identify missing data by | the specific dataset and analysis objectives
Missing generating a code to Suggest u.siI.lg imputa.tion with mean, m.ed%an or
data anrcllyze the dataset and | other statistical techniques to replace missing
identify areas with values
missing values Suggest deletion of rows containing missing
data

Generate code that
calculates the standard
. deviation of the dataset . .
Outliers V. . . Replace with estimated values

and identifies data points
that deviate significantly

from the expected range

Generate code to remove outliers

Transform data to mitigate their impact

Table 3.2. Processing and identification of
missing data and outliers with ChatGPT

Managing text cleaning and encoding is an essential part of data preparation,
especially when working with textual data. ChatGPT can be an invaluable aid in
addressing these current data-related issues.

ChatGPT can help with text clean-up by generating code to remove unwanted
characters, punctuation marks and special symbols from textual data. It can identify
and correct spelling mistakes, standardize capitalization and handle abbreviations
and contractions. For example, if the dataset contains text responses from surveys or
social media posts, ChatGPT can help normalize the text and make it more
consistent for further analysis.

Text clean-up also involves removing empty words (common words such as
“and”, “the”, “in”, which have no significant meaning) and applying r stemming or
lemmatization to reduce words to their basic forms. ChatGPT can generate code to
perform these operations, which can help improve the efficiency and accuracy of
text analysis tasks such as sentiment analysis or topic modeling (Sedkaoui et al. 2022;
Susnjak 2023).

When working with textual data, it is often necessary to convert the text into a
digital format so that the machine learning algorithms can process the data efficiently.
ChatGPT can suggest different encoding techniques to achieve this. A common
approach is to use one-hot encoding where each word in the text is presented as a
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binary vector. For example, if the dataset contains categorical features such as
“country” with values such as “USA”, “UK” and “Canada”, ChatGPT can generate
code to convert these categories into binary vectors (e.g. [1, 0, 0], [0, 1, 0], [0, 0, 1]).

Another popular method is word embedding, which presents words as dense
vectors in a continuous space. ChatGPT may suggest using pre-trained word
embeddings such as Word2Vec, GloVe or FastText to encode textual data, capture the
semantic relationships between words and improve the performance of natural
language processing tasks.

In addition, ChatGPT can help manage the encoding of ordinal and nominal
categorical features. It can generate code to convert ordinal categories into numerical
values while preserving their order, and suggest encoding for nominal categories.

ChatGPT can also help normalize data, by converting different data scales into a
common scale, which is essential for some machine learning algorithms and
comparisons between different datasets. By generating code to organize and
structure data in tables or other formats, ChatGPT enables analysts to explore and
analyze data more efficiently.

Integrating ChatGPT into our data analytics toolbox not only speeds up the
processing of large volumes of information, but also improves our ability to recognize
hidden patterns, trends and connections that might otherwise go unnoticed. Thanks to
its natural language understanding capabilities, ChatGPT helps convert complex data
into precious insights, enabling informed, data-driven decisions to be made with
confidence.

3.4. Using ChatGPT for data transformation, feature engineering and
beyond

Data transformation and feature engineering are important steps in the analysis
process. Data transformation is the process of converting data from one format to
another, while feature engineering is the process of creating new features from
existing data. Both tasks can be complex and time-consuming, but they are essential
to ensure that data are clean, consistent and usable for analysis.

Data transformation is of paramount importance for a number of reasons. It
ensures that data are presented in a format that can be easily understood and
manipulated by computers, thus facilitating their use in analyses and models. It
eliminates noise and errors from the data, helping to improve the accuracy of results
obtained during analysis. Data transformation can be used to convert information into
a format more suitable for analysis, notably by transforming textual data into
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numerical data, thus facilitating the use of machine learning and statistical analysis
techniques.

Feature engineering is also an important step in the data analytics process.
Features are the individual pieces of data used to train a machine learning model.
The better the features, the more the model will be able to learn and make
predictions. Feature engineering can involve a number of tasks, such as selecting the
right features, transforming features and creating new features.

We can summarize the advantages of these two tasks in the following points:

— Improved accuracy and reliability: by cleaning, transforming and engineering
data, you can improve the accuracy and reliability of models. In effect, you will
remove noise and errors from the data and create features that are more relevant to the
task at hand.

— Better insights: by transforming and engineering data, you can gain new
insights into your data. In effect, you will be able to see data in new ways, and you
will be able to create new features that reveal hidden patterns.

— Improved decision-making: by cleaning, transforming and engineering data,
you can make better decisions. Indeed, you will have a better understanding of your
data, and be able to make decisions based on accurate, reliable information.

Data transformation and feature engineering are therefore two crucial steps in the
preparation process, playing a central role in improving the performance and
accuracy of machine learning models. Traditionally, these tasks have been laborious,
requiring domain expertise and significant manual effort to identify relevant features
and design them appropriately (Davenport and Dyché 2013).

However, the data preparation landscape is undergoing a paradigm shift with the
emergence of advanced NLP technologies, notably ChatGPT. Leveraging the power
of Al and NLP, data analysts can now automate and enhance these critical tasks,
revolutionizing the way data is prepared and analyzed.

One of ChatGPT’s key capabilities in data transformation is its ability to convert
raw data into new features that offer valuable insights and improve predictive models.
By generating code, ChatGPT can efficiently extract meaningful information from
various types of data, including text and images. This enables data analysts to
effortlessly create powerful features without the need for a lot of manual work. For
example, consider a dataset holding customer reviews for a product. Using ChatGPT,
analysts can derive sentiment scores from the textual data, classifying each review as
positive, negative or neutral. These sentiment scores can then be used for new
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features that significantly improve the accuracy of sentiment analysis models,
enabling companies to better understand customers’ feelings and preferences.

In addition, ChatGPT can be used to generate word or document embeddings for
textual data. Word embeddings transform words into dense numerical vectors,
capturing the semantic relationships between words. Document embeddings
summarize the content of entire documents in fixed length vectors. These embeddings
can serve as powerful input features for downstream tasks, such as document
classification, information retrieval or clustering. Leveraging ChatGPT’s feature
engineering capabilities, data analysts can enrich their datasets with highly
informative embeddings that contribute to the overall predictive power of their
models.

In the realm of feature engineering, ChatGPT’s assistance is invaluable in
identifying relevant features and engineering new ones that are more predictive. Let
us say we have a set of marketing data including customer demographics and
purchase history. Leveraging ChatGPT, analysts can generate code to calculate
additional features, such as average purchase amount per customer, purchase
frequency or total number of products purchased. These engineered features can
significantly enhance customer segmentation models, enabling companies to
effectively tailor their marketing campaigns to specific customer groups.

In addition, ChatGPT can help explore interactions between different features and
create new terms of interaction. For example, in a dataset containing housing price
information, ChatGPT may suggest combining the “number of bedrooms” and
“number of bathrooms” features to create a new feature presenting the total number
of rooms, which may have a deeper impact on house price prediction. These feature
interactions can capture non-linear relationships and lead to predictive models.

Data cleaning and feature selection are essential aspects of data preparation, and
ChatGPT’s capabilities go beyond transformation and feature engineering. By
generating code, ChatGPT can help manage missing data, remove duplicates and
impute values based on statistical methods, thus effectively automating data cleaning
processes. For example, if a dataset contains missing values in the “age” column,
ChatGPT can suggest the use of mean, median or regression imputation techniques
to efficiently fill in these missing values. This automated approach not only saves
time but also guarantees data quality and accuracy.

In the context of feature selection, ChatGPT can help to identify and rank
features according to their importance for predictive models. By suggesting
techniques such as recursive feature elimination, principal component analysis or
SelectKBest, ChatGPT helps to select the most informative features, reducing
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dimensionality and preventing over-fitting. The automated feature selection process
further improves the efficiency and effectiveness of data preparation.

ChatGPT offers powerful approaches to data preparation tasks. It can transform
categorical data into numerical formats, scale data into specific ranges and generate
new features from existing data. The tool automates data cleaning by identifying and
removing missing values and outliers.

Tasks ChatGPT approach Example
. C rting the “gender” col
Using ChatGPT to convert onverting te .ger‘l‘ °r CO i
. . . with the categories “male” and
categorical data into numerical | ys - .
Data data female” into numerical values
transformation 0 and 1, respectively
Using ChatGPT to scale data Scaling “age” column from range
within a specific range 0-100 to range 0-1
Using ChatGPT to generate Generating a “total revenue”
new features from existing feature by adding the “salary” and
Feature data “bonus” columns
engineering . ) Extracting “senti £’ feat
Using ChatGPT to derive XTacting sentiment featute

from customer reviews using

features based on textual data . ;
ChatGPT’s sentiment analysis

Generating code to impute missing
values in the “age” column with
the average age

Using ChatGPT to identify
and remove missing values

Data cleaning
Generating code to remove data

automation . e "
Using ChatGPT to detect and points in the “income” column that
remove outliers lie outside the range of three
standard deviations
. . . Generating code to select the 10
Using ChatGPT to identify AUng .
. most important features using
relevant analytics-based R .
Feature features ChatGPT’s feature importance
selection technique
automation Using ChatGPT to Generating code to select features
automatically select features with a correlation coefficient above
based on correlations a certain threshold

Table 3.3. Valuing ChatGPT for data transformation, feature
engineering and data preparation task automation

What’s more, it facilitates feature selection by identifying relevant features and
selecting those with significant correlations. ChatGPT revolutionizes data analytics
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by enabling natural language queries, making interactions more intuitive and
interactive.

Beyond data transformation and feature engineering, ChatGPT’s capabilities
continue to empower data analysts in a variety of data preparation tasks. For
example, ChatGPT can generate code to handle outliers, detect and correct errors,
normalize data and encode categorical variables using one-hot encoding or label
encoding.

This comprehensive suite of functions ensures that data analysts have the tools
they need to effectively prepare their data for machine learning approaches and other
advanced analytical tasks.

ChatGPT’s remarkable capabilities in data transformation, feature engineering
and other data preparation tasks have revolutionized the data analytics landscape.

By automating repetitive and time-consuming tasks, ChatGPT enables data
analysts to focus on higher-level strategies, problem-solving and generating
actionable insights. This powerful technology has the potential to transform the way
we interact with data, allowing us to ask questions in a more intuitive and interactive
way.

Now that we have explored how ChatGPT can support us in the data preparation
phase, we will move on to learn how to create natural language queries for data
analytics and skillfully transform analytical questions into efficient SQL queries.






4

Intuitive Query Creation
with ChatGPT

One of the most powerful capabilities of generative Al models is the ability to
intuitively query data via natural language interactions. Rather than forcing users to
master complex query syntax, generative Al enables them to query data using simple
English. This helps overcome one of the biggest hurdles in data analytics —
translating natural language-articulated analytical questions into formal database
queries.

With ChatGPT, users can simply describe the information they need using
prompts. The Al agent will then interpret the intent and context to automatically
generate optimized SQL queries that retrieve the desired data. By leveraging
ChatGPT for intuitive queries, analysts and business users can focus on discovering
insights rather than coding queries.

In this chapter, we will see how tools like ChatGPT make it easy for users to ask
questions about their data and automatically generate the SQL queries required to
retrieve the answers. We will cover the techniques for formulating analysis questions
for ChatGPT in a clear and precise way that leads to the generation of accurate
queries.

4.1. The discovery of patterns, trends and insights through interactive
conversations

Data analytics encompasses a dynamic process of exploring, refining and
modeling data with the ultimate goal of extracting valuable insights, drawing
informed conclusions and supporting decision-making. This multi-faceted discipline
covers a wide range of techniques and approaches across various fields.
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At its core, data analytics strives to untangle meaningful patterns, trends and
insights embedded in data. These components are of crucial importance for
understanding data dynamics and predicting future trends. Patterns are recurring
sequences of data points that reveal consistent behaviors, enabling the identification
of trends and even facilitating predictive capabilities (Frankel and Reid 2008;
Sedkaoui 2018b). Meanwhile, trends represent long-term changes and developments
in data, providing valuable insight into how data evolve over time. Insights, the true
gems of data analytics, emerge as new understandings and knowledge derived from
data, enabling better decision-making and propelling businesses and organizations
forward (McAfee and Brynjolfsson 2011; Sedkaoui and Khelfaoui 2020).

Several techniques are at the forefront of the data analyst’s toolbox, each making
its own unique contribution to pattern discovery, trends and insights:

— Statistical analysis: by calculating statistical measures such as the mean,
median and standard deviation, analysts can discern patterns and trends in the data,
highlighting their inherent characteristics.

— Data visualization: through the art of data visualization, analysts present
information in a visually appealing way, leveraging the power of tables, graphs and
other visual presentations to reveal patterns and trends that might otherwise remain
hidden.

— Machine learning: by leveraging the power of machine learning, data analysts
can create new models that reveal complex patterns and trends by training the model
on a set of data and allowing it to identify similar patterns in new data.

The fascinating fusion between generative Al and data analytics is
revolutionizing our approach to discovering valuable insights. On the one hand, data
analytics inspects, cleans, transforms and models data to reveal patterns and trends. On
the other, generative Al models such as ChatGPT, with their ability to understand
human language, offer a new pathway to fluid and interactive data exploration. This
conjunction of intelligences broadens the horizon of discovery, guiding users in
dynamic dialogues with their data, revealing deep insights and pushing decision-
making to new heights.

The transformative impact of generative Al on data analytics and business
intelligence cannot be overestimated. This cutting-edge technology is reshaping the
way we interact with data, making them more accessible and intuitive than ever
before. The traditional approach of relying solely on static reports or predefined
queries is being revolutionized, as tools such as ChatGPT enable users to engage in
dynamic, natural “dialogues” with their data.
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4.1.1. Key benefits

Let us delve deeper into the key benefits that conversational Al brings to the
table, propelling data mining into an unprecedented realm of possibilities:

— Freeing up ad hoc exploration: with ChatGPT, users are no longer confined to
analysis workflows. The chains of structured data exploration are broken, and a world
of fluid, unstructured exploration awaits. Imagine immersing yourself in data and
letting it guide your discovery process. Like an intrepid explorer, you can venture
into uncharted territory, unraveling patterns, trends and correlations that you might
have missed with conventional approaches.

—The art of intuitive querying: the language of data analytics has been
democratized thanks to generative AI models. Users no longer need to possess
specialized query skills or be familiar with complex programming languages. Instead,
they can converse with data as easily as they would with a friend. This natural
approach to asking questions unlocks up a wealth of insights, from identifying
exceptions to making predictions about future trends. Data analytics is no longer
limited to the privileged few; it becomes an experience that is inclusive and
rewarding for all.

— Seize opportunities for rapid follow-up: discovering valuable insight is just the
beginning with intelligent models like ChatGPT. The ability to ask immediate
follow-up questions means you can dive deeper into emerging revelations. As your
curiosity is piqued, you can seamlessly dig deeper, unearthing underlying causes and
subtleties that lurk beneath the surface. It is like having an interactive dialogue with
your data, where each answer sparks new questions, leading to a continuous cycle of
discovery and learning.

— Automation of democratized access: in the past, working with data required
specialized expertise, creating a barrier for those without technical skills. But
generative Al breaks down these barriers, allowing more users to actively participate
in the data analytics process. Now, team members from diverse backgrounds can
interact with the data in meaningful ways, contributing their unique perspectives and
domain knowledge. The result is a more collaborative and inclusive approach to
data-driven decision-making, enabling organizations to harness the collective
intelligence of their teams.

In this seamless synergy between humans and Al, generative Al has heralded a
new era of data mining. Gone are the days of rigid queries and predefined paths;
data scientists embark on an open-ended journey, where ideas blossom organically,
unconstrained, as unexpected sources of inspiration. As the example of dialogue
shows, the beauty of this approach lies in the fluidity and spontaneity it brings to the
data analytics process.
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4.1.2. Discovering insights organically

By harnessing the power of ChatGPT, data scientists are not simply observers of
data, but active participants in a stimulating exchange. They can now ask questions,
follow their instincts and approach the subtleties of the data with an Al companion
who responds naturally and intelligently. This collaborative relationship amplifies
the creative thinking of data analysts, enabling them to connect the dots, spot trends
and unmask hidden patterns that traditional methods might otherwise ignore.

Data mining becomes an exciting adventure, where every query sparks new ideas
and every answer unveils new possibilities. The iterative nature of this process
allows for continuous refinement and course correction, refining questions as new
ideas emerge and taking analysis into unexpected territories.

What really sets this organic exploration apart is the element of serendipity it
introduces. Like an explorer who stumbles upon a hidden treasure while venturing
into uncharted lands, data analysts experience moments of surprise and inspiration
when seemingly unrelated information converges to reveal a profound understanding
of the data story. These “aha” moments are invaluable, sparking innovative ideas
and opening doors to transformative opportunities.

ChatGPT not only enables insight discovery, but also serves as a gateway to
democratize data access. Thanks to its natural language interface, it brings data
analytics to all members of the organization, transcending technical barriers and
fostering a culture of data-driven decision-making. Data literacy becomes a shared
asset, as teams effortlessly collaborate and communicate with their data, each
bringing their unique perspectives to fuel collective growth and success.

The insights that emerge are not simply static snapshots, but living entities that
evolves with the dynamic nature of the data. Armed with a better understanding of
their operations, customer preferences and market trends, companies gain the agility
to adapt quickly to changing landscapes, seize new opportunities and stay one step
ahead.

4.1.3. Democratizing data analytics

The democratization of data analytics thanks to generative Al heralds a
revolutionary era of inclusivity in the world of data-driven decision-making.
No longer limited to the realm of data scientists, professionals from diverse
backgrounds — business analysts, marketers, department managers, etc. — can now
become actively involved in the process of data discovery. The natural language
interface (Berger et al. 2020) of conversational Al enables them to ask insightful
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questions and gather valuable insights without the need for in-depth technical
expertise in SQL or queries.

This broader participation in data analytics fosters a culture of data literacy
throughout the organization. As individuals in various roles immerse themselves in
data mining, they develop a deeper understanding of organizational performance,
customer behavior and market trends. The democratization of data analytics fosters
informed decision-making at all levels, paving the way for strategic growth and
competitive advantage.

4.1.4. The future of business intelligence

In particular, the advent of generative Al also resolves the long-standing IT
bottlenecks that often hamper data access and analysis. By offloading the task of
retrieving and processing data onto Al assistants like ChatGPT, organizations reduce
their dependence on specialized data engineering resources. This freed-up IT
workforce can now redirect its efforts towards more strategic initiatives, fostering
innovation and streamlining processes.

The future of business intelligence lies in seamless collaboration between
humans and Al systems, where conversations, not just queries, form the basis of
exploration. Thanks to this symbiotic partnership, users embark on an interactive
voyage of discovery, supported by Al-powered insights that transcend the
boundaries of conventional data analytics. This marriage of human ingenuity and Al
prowess opens up a realm of untapped possibilities, where deep insight emerges
from the heart of data, fueling strategic decision-making and generating better
business results.

As the frontier of data-driven knowledge expands, organizations will harness the
transformative power of generative Al to unlock untapped potential. In this future
landscape, expert and casual users alike will harness the analytical prowess of Al,
infusing intuition and human creativity into the dialogue of data mining. Together,
they will untangle the complex tapestry of information, revealing patterns, trends
and insights that have eluded traditional methods.

The future of business intelligence is upon us, where the synergy of human
curiosity and Al assistance holds the key to unlocking strategic advantage and
propelling organizations towards a prosperous future.
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4.2. Creating natural language queries to analyze your data

For a long time, natural language text understanding has presented significant
challenges in the field of NLP. The problem of ambiguity and co-reference has been
a persistent obstacle, making tasks such as answering questions about datasets and
converting spoken language into structured SQL queries particularly difficult.

The prevalence of relational databases containing large quantities of valuable
information, such as medical records, financial data, customer records and big data
insights, further exacerbates the issue. Retrieving information from these databases
and repositories has been hampered by the need for users to grapple with complex
and powerful structured query languages.

The power of natural language queries goes far beyond merely simplifying
interactions with data. It revolutionizes the way data analytics is performed,
democratizing access to insights and improving collaboration between teams.

One of the main advantages of natural language queries is their accessibility.
They remove the obstacles for data analysts who may not have programming
experience (Surameery and Shakor 2023; Yilmaz and Yilmaz 2023), making data
analytics more inclusive and accessible. No longer confined by technical jargon or
complex query languages, data analysts from diverse fields can effortlessly interact
with data using everyday language. This accessibility enables individuals to explore
data, ask questions and gain insights without the need for specialized training,
fostering a culture of data-driven decision-making throughout the organization.

Fortunately, with the advent of ChatGPT and the rapid progress of LLMs, the
text-to-SQL challenge has eased considerably. Even non-technical users can now
describe their queries using declarative language. The complex task of query
construction is skillfully handled by LLMs, streamlining the process and making
data retrieval more accessible than ever.

In addition, natural language queries elicit a sense of curiosity and exploration,
fueling the quest for deeper insights. While experts articulate their questions in a
conversational manner, Al not only translates them into SQL queries (Kim et al.
2020), but also seeks to understand the underlying intention. By understanding the
context and nuances of the question, ChatGPT discovers patterns and trends in the data
that match the user’s interests. This interactive and iterative process fosters a
symbiotic relationship between human expertise and Al-powered data mining,
leading to the revelation of new, actionable insights.
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But what does this mean for you? The integration of natural language for
database queries opens up many interesting possibilities, which are summarized in
Figure 4.1.

Unlocking the
No-code Accelerated value of
empowerment insights accumulated
data

No sQL Prompt
proficiency engineering
required simplicity

Reduces the
Democratizes time needed to Unlocks the full
data analysis gain valuable potential of
for users of all insights and data for
levels make informed valuable insights
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exploration formulation,
without making data
needing SQL engagement
skills intuitive

Figure 4.1. ChatGPT’s advantages for natural language queries

ChatGPT plays a transformative role in data analytics by enabling users without
coding skills. It democratizes the data analytics process, allowing individuals of
different roles and skill levels to effortlessly access data-driven insights.
Additionally, the adoption of natural language queries accelerates the generation of
valuable insights, leading to faster decision-making and a better understanding of
domain-specific trends.

This improved access to data also unlocks the full potential of accumulated data,
extracting valuable knowledge and valuable business insights. What’s more,
ChatGPT eliminates the need to master SQL, making data mining inclusive and
accessible to all users. It puts the emphasis on prompt engineering rather than coding
knowledge, ensuring that users need only a basic understanding to formulate queries
effectively, enhancing the intuitive and user-friendly data engagement process.

In addition to individual contributions, natural language queries also foster a
collaborative environment. Teamwork among data analysts becomes more
transparent, as colleagues can easily exchange questions, conclusions and findings
using a shared natural language interface. This streamlined communication
rationalizes information sharing and encourages collective problem-solving. As each
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member contributes their perspective, the team’s collective intelligence grows,
leading to deeper analysis and more informed decision-making.

The impact of natural language queries extends beyond the role of data analyst; it
resonates throughout the organization, influencing the way business decisions are
made. Leaders, managers and stakeholders, who may not possess deep data expertise,
can now actively participate in data discussions, contributing their domain
knowledge and shaping the organization’s strategic direction.

Mastering the art of formulating efficient natural language queries with generative
Al paves the way to harnessing the true potential of data analytics (Devlin et al.
2019). With its powerful Al-driven chatbot, ChatGPT spearheads the evolution of a
new era in NLP technology. Its remarkable ability to understand and interpret
natural language queries, translating them into actionable insights, places ChatGPT
at the forefront of advances in conversational Al

Exploring this area of intuitive interaction further, here are a few additional
pieces of advice to improve the accuracy and precision of your queries:

— Understand the data model: become familiar with the structure and
relationships within your datasets. Knowing the available data fields, their types, and
their relationships to each other allows you to create more contextual queries. This
understanding will ensure that ChatGPT can accurately interpret your questions and
provide relevant information. You can provide ChatGPT with background context
about your data sources and your business terminology, so it can better understand
intent. For example: “According to our e-commerce database, what was the total
revenue for the fourth quarter?”; or even: “How many new customers have
registered this month in our CRM system?”.

— Use natural language examples: instead of relying solely on rigid queries,
providing natural language examples can clarify your intent and refine ChatGPT’s
understanding. For example, you could include a conversational context such as:
“Show me the sales data from the last three months”. This improves the AI’s ability
to understand the scope and duration of your request.

— Embrace exploratory questions: do not hesitate to ask exploratory questions to
uncover hidden patterns and trends. For example, you could ask: “What
characteristics do our most loyal customers share?”; or “Can you identify any
seasonal patterns in the sales data?” In this way, you need to clarify the exact data
fields, statistics or attributes you wish to include in the query results. You can ask
ChatGPT: “Show me every product name, unit price and unit sold for all
transactions last month.” And: “What are the first name, last name and e-mail
address of our inactive customers?”.
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— Experiment with different approaches: as with any linguistic communication,
experimenting with different formulations and wordings can yield varied query
results. Try rephrasing your questions from different angles, and you may discover
new angles and dimensions to explore in your data. When querying large datasets,
include any filters, conditions or selection criteria in your natural language question,
such as: “What were the top 5 best-selling products last month for customers aged
30 to 40?”; or: “Which campaigns generated the most leads from Canada in the
second quarter?”.

— Take advantage of conversational feedback: Al systems like ChatGPT learn
from interactions. If the AI’s answers do not perfectly match the intent of your
query, offer feedback by rephrasing the question or asking for clarification. This
feedback loop can lead to more precise and refined queries in subsequent
interactions. Review the queries produced by ChatGPT and reformulate your
question if necessary. Adding examples allows you to refine queries over several
iterations. Following these tips will enable you to use ChatGPT more effectively for
data analytics queries. With practice, you can have intuitive conversations that
unlock deeper insights from your data.

— Combine human expertise with Al assistance: do not forget that you are the
domain expert and ChatGPT is your artificial collaborator. Combine your subject
knowledge with the data processing capabilities of this intelligent agent to gain
deeper insights. Trust your instincts and let AI complement your expertise with
data-driven perspectives.

As you integrate these additional strategies into your data analysis process, you
will notice a seamless harmony between the capabilities of human intelligence and
Al Generative Al, such as ChatGPT, will become a powerful ally, able to decipher
your intentions and provide actionable insights. With practice and improvement, you
will master the art of questioning data in natural language, revealing valuable
patterns, making informed decisions and propelling your organization towards
data-rooted success.

4.3. The art of transforming analysis questions into SQL queries with
ChatGPT

SQL, or structured query language, is a fundamental tool in the world of data
management, particularly within relational databases. Its flexibility and versatility
make it an indispensable language for performing a wide range of data analytics
tasks such as retrieving specific information with queries, updating existing data and
deleting records where necessary.
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Transforming analysis questions into SQL queries is a crucial step in the data
analytics process. Given that databases include SQL, translating your analysis
questions into this language ensures that your queries are properly understood and
processed. This seamless conversion is essential for extracting accurate and efficient
answers, leading to informed decision-making and insightful discoveries.

The benefits of this transformation are considerable and far-reaching. Firstly, it
significantly improves communication between data analysts and team members. The
use of SQL queries to express analytical questions allows for clear and precise
communication, facilitating seamless collaboration and knowledge sharing within the
team.

Secondly, the automation aspect is crucial to streamlining data analytics tasks.
Once you have created an SQL query, you can save it for future use, reducing
redundant work and maintaining consistency across multiple analyses. This
automation not only saves time and effort, but also ensures that repetitive tasks are
handled accurately every time.

In addition, the ability to adapt data analytics becomes a crucial consideration.
By transforming analysis questions into SQL queries, you enable your data analytics
process to adapt efficiently to expanding datasets and complex data scenarios.

The ability of generative models to translate natural language questions into
executable SQL queries is revolutionizing the way data analysts interact with
datasets. Instead of struggling with complex query syntax, tools like ChatGPT allow
analysis questions to be expressed in plain language, making data exploration and
analysis more accessible to a wider range of users (Sedkaoui 2023).

The introduction of OpenAl’s ChatGPT product has significantly improved the
productivity of business users and data analysts. One of the main advantages of this
technology is its ability to facilitate SQL query writing. SQL has long been a valuable
language for querying and analyzing data, and now, with the help of Al, learning and
writing SQL queries has become more accessible than ever. Al technology can
automatically generate, modify, debug and optimize SQL queries in seconds.

This tool is particularly beneficial for beginners in SQL or those struggling with
complex queries. Its remarkable advantage lies in its ability to understand natural
language input, enabling users to articulate their data needs and then generate the
appropriate SQL query. This simplified process saves users considerable time and
effort compared to manual query composition.

In addition, ChatGPT enhances the query writing experience by generating
several options for a given query, enabling users to explore different structures or
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compare alternatives. In addition, it assists in debugging SQL queries, quickly
identifying and highlighting errors for efficient troubleshooting.

Beyond basic query writing, ChatGPT excels in guiding users through advanced
SQL concepts, such as joining tables and creating subqueries. It offers clear
explanations and illustrative examples, supporting users’ understanding and
successful implementation of these complex concepts.

What’s more, ChatGPT’s prowess extends to providing contextual suggestions
as users elaborate their queries. It offers information on table structure and column
details, helping users to better understand the data analyzed. Thanks to ChatGPT’s
invaluable assistance, users can devote less effort to query composition and more time
to in-depth data analysis.

ChatGPT can help data scientists with their SQL queries in many ways, from
writing basic queries to optimizing complex queries. Figure 4.2 summarizes this.

l l SQL query

Report qu
generation writing
Offering query
optimization saL CO!:Ie
debugging

advice

Providing
information
on SQL
syntax

Figure 4.2. Using ChatGPT for SQL queries

For example, you may say: “I need to create a query that associates the ‘customers’
table with the ‘orders’ table to return the total spend for each customer. The
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‘customers’ table contains the customer’s ID, name, e-mail address, etc., and the
‘orders’ table has the order ID, customer number, order amount...”

ChatGPT can then suggest effective logic and provide advice on indexes to
improve performance based on the details provided.

For simpler queries, ChatGPT can automatically translate natural language
queries into efficient SQL syntax. For more complex queries involving multiple
tables, joins and advanced functions, ChatGPT can provide a head start by
suggesting the optimal join logic and query structure.

Data scientists can refine and iterate with ChatGPT to create powerful queries
tailored to their unique needs. This facilitates faster, easier and more scalable SQL
development.

In the future, SQL plugins specially designed for large language models, such as
GPT-4, could take ChatGPT’s programming support to the next level. Rather than a
general command of natural language, SQL plugins would provide models with a
deeper knowledge of database schema query optimization and advanced SQL
functionality.

The GPT-4 version offers the potential of plugins, which are extensions that can be
integrated to add new functionality. These plugins are of significant value for data
analysts, particularly in the field of SQL queries.

Specialized plugins could enable direct SQL input rather than simple natural
language conversations (Sedkaoui 2023). The model could then analyze, debug,
reformat and improve the input SQL based on database metadata and query best
practices. This would enable advanced auto-completion, linting and performance
optimization functionalities beyond what is possible today.

But to guarantee accurate translation, it is crucial to provide ChatGPT with a
relevant database context. By specifying the database schema, including table and
column names, data types and relationships, data analysts equip ChatGPT with the
information needed to generate precise, contextually relevant queries. This database
context forms the basis for generating queries that align with specific data structure
and business objectives.

In addition, articulating the intent and objectives of the analysis question helps
ChatGPT to select the most appropriate query approaches. By clarifying what they
seek to analyze and discover, analysts enable ChatGPT to optimize query
formulation and deliver valuable insights quickly.
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It is also essential to include important filters and result limitations within the
query. By providing these specifics, analysts can refine the query output, ensuring
that the results correspond precisely to the desired scope of analysis.

What’s more, specifying the desired fields, measures or aggregate calculations
required in the query further enhances its accuracy and relevance. By informing
ChatGPT exactly of the required data elements, analysts streamline the data retrieval
process, leading to more insightful and relevant results.

As data analysts continue to practice conversational querying, they will become
able to refine their questions for optimal outcomes. By iterating on queries and
reviewing initial ChatGPT attempts, analysts can refine their questions to extract the
perfect insights from the data.

4.4. Generating efficient and optimized queries: the key to your
success with ChatGPT

Data analytics is a multi-faceted process that involves various stages, from data
exploration, cleaning and modeling, to the eclaboration of meaningful insights
(Sedkaoui 2018a; Sedkaoui and Khelfaoui 2020). A crucial aspect of data analytics
is the generation of efficient and optimized queries. An efficient query not only
delivers the desired results accurately, but also does so in a timely manner, avoiding
unnecessary delays and inefficiencies.

To achieve an effective and optimized query, several factors come into play. First
and foremost, clarity is of the utmost importance. The query must be simple and easy to
understand, with a clear purpose and intent. This ensures that stakeholders and team
members can easily understand the question posed with regard to the data.

Specificity is another key consideration. A well-defined and specific query
enables the search to be refined and ensures that the results returned correspond
precisely to requirements. This minimizes the risk of sifting through irrelevant data
and wasting precious time.

Choosing the right keywords is essential for a successful query. The keywords
used must accurately present the data being queried, aligning with the structure and
content of the dataset. This ensures that the query effectively targets the relevant
data and avoids ambiguity.

The use of indexes is a powerful strategy for optimizing query performances.
Indexes are data structures that enable faster data retrieval by creating efficient access
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paths. By using appropriate indexes, queries can quickly identify and retrieve the data
they need, resulting in significant performance improvements.

Another essential element in generating efficient queries is the use of appropriate
joins. Joins make it possible to combine data from several tables, facilitating complex
queries where information needs to be extracted from a variety of sources. Selecting
the right type of join and structuring the query effectively can improve the efficiency
of data retrieval.

To further improve query generation, the use of natural language queries can be
beneficial. Natural language queries enable data analysts to interact with data in a
more conversational manner, making the process more intuitive and user-friendly.
This approach allows analysts to focus on the questions they want to explore, rather
than struggling with complex query syntax.

In addition, incorporating various clauses into the query can help refine the
results. The WHERE clause allows analysts to specify data selection conditions, by
refining the output to meet specific criteria. The ORDER BY clause allows data to be
sorted in a particular order, while the LIMIT clause limits the number of rows
returned, making analysis both more manageable and more efficient.

But the question here concerns ChatGPT’s contribution to efficient and
optimized queries, and the different ways in which it can be used to this end.

The key to answering this question lies in identifying the various functionalities
that ChatGPT provides to generate efficient and optimized queries, namely:

— Understanding natural language queries: thanks to its in-depth training in a
variety of texts and codes, including natural language queries, ChatGPT is able to
understand the intent behind user questions and accurately convert them into SQL
queries. This functionality makes the query more intuitive and user-friendly. For
example, the user can simply ask: “Show me last year’s total sales per month”, and
ChatGPT will translate this question into an appropriate SQL query to extract the
necessary information.

— Generation of clear, concise queries: ChatGPT excels in producing clear,
concise queries, improving their comprehensibility and interpretability. This
contributes to the accuracy of the obtained results, enabling data analysts to efficiently
extract valuable insights from data. For example, the user may ask: “What were the
five best-selling products last month?”, and ChatGPT will generate a precise and
concise SQL query to obtain this specific information.

— Use of keywords: by using relevant keywords in queries, ChatGPT guarantees
the accuracy while reducing the number of rows to be processed. This optimization
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plays an important role in improving query efficiency and performance. For example,
the user may ask: “Show me all customers under the age of 30 who have made a

purchase this month”, and ChatGPT will include the keywords “customers”, “age”,
“purchase” and “month” in the SQL query to filter the data.

— Use of indexes: by using indexes, ChatGPT improves query performance,
especially for frequently executed or data-intensive queries. Indexes facilitate faster
data retrieval, which translates into faster, more efficient analysis. For example, the
user can ask: “Give me the total sales of each product for the last three years”, and
ChatGPT will use indexes to speed up data retrieval, enabling faster analysis.

— Use of joins: ChatGPT makes efficient use of joins to combine data from
different tables, an essential capability for handling complex queries that require the
analysis of multiple datasets. This functionality enables analysts to explore and
integrate various data sources seamlessly. For example, the user may ask: “Show me
each department’s revenues and associated costs for last year”, and ChatGPT will use
joins to combine data from the revenue and cost tables and provide the complete
results.

By using ChatGPT, data analysts can also generate SQL queries containing
previously discussed clauses, such as the WHERE clause, the ORDER BY clause and
the LIMIT clause, by simply including them in their question. This enables users to
obtain more targeted and organized results, optimizing their data analysis and
facilitating informed decision-making.

For example, an analyst might query ChatGPT the following: “Display the total
sales of products priced over $100”. In this case, ChatGPT would incorporate the
WHERE clause into the SQL query to filter donations born according to the specified
condition. The analyst could also formulate a request such as: “Sort total sales in
descending order”, and ChatGPT would add the ORDER BY clause to the SQL
query to present the results in descending order from highest to lowest.

Similarly, the data analyst could prompt ChatGPT with a query such as: “Show
me the five best-selling products from last month”. In this case, ChatGPT would
integrate the LIMIT clause to display only the five most relevant products according to
the defined criteria. These clauses make the query more precise and customized,
making it easier to obtain exact and pertinent information needed for data analysis.

Using ChatGPT to optimize SQL queries is not limited to what has already been
mentioned. In fact, it goes beyond the simple generation of queries from natural
language. The development of efficient, optimized queries is a collaborative process
that involves drawing on the strengths of expertise and the capabilities of Al.
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By providing ChatGPT with the necessary context and details, data analysts can
guide the model to generate queries that correspond precisely to their data analysis
needs (Sedkaoui 2023). This context includes information on the database schema,
pertinent business terminology and any specific filters or limits required. By
formulating clear and precise questions, users ensure that the queries generated by
ChatGPT are targeted and accurate.

The generated queries are, however, not the final end point. They serve as a
starting point for further optimization. ChatGPT can provide valuable suggestions
for improving query performance, such as recommending the use of indexes on
filtered columns or suggesting simplified joins based on data relations. It can also
assist in choosing the right data types to improve query performance.

The collaborative aspect comes into play when data analysts and developers
work together to refine the queries generated. By iteratively improving queries with
ChatGPT’s assistance and human surveillance, analysts can achieve high-
performance queries that minimize execution time while delivering complete and
accurate results.

This collaboration is a game-changer for data analytics. On the other hand, even
untrained users can actively participate in the query process, thanks to ChatGPT’s
ability to understand natural language queries. This democratizes data analysis, making
it accessible to a wider range of professionals within an organization.

With attentive prompts and a feedback loop of iterative improvements, ChatGPT
can minimize query execution time while returning complete and accurate results.
The fusion of human and Al facilitates the generation of SQL in a way that neither
could do alone — by marrying business logic with technical optimization.

Having explained how to create intuitive queries using ChatGPT, we now move
on to explore the advanced analysis techniques made possible by generative Al
Chapter 5 shows how ChatGPT can go beyond basic data retrieval to provide
invaluable assistance with exploratory data analytics, statistics, prediction, text
mining, etc.

Although crafting the optimal SQL query is fundamental, it is only a starting
point. ChatGPT’s capabilities really shine when it comes to accelerating complex
analytical tasks that normally require data analysis experts. By automating rote work
and augmenting human critical thinking, ChatGPT allows us to extract deeper
insights and to optimize decisions.
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ChatGPT: The Advanced Analysis Wizard

In Chapter 4, we explained how ChatGPT makes querying and accessing data
more intuitive through natural language conversations. However, ChatGPT’s true
capabilities extend far beyond basic data retrieval. This chapter explores how the
intelligent generative Al agent can automate and augment advanced analysis
techniques for deeper insights.

ChatGPT excels at helping data scientists in the more complex and high-value
tasks that follow data collection and preparation. These include exploratory data
analysis, statistical modeling, predictions, sentiment analysis and more. Such
techniques normally require skilled data specialists.

By combining its computational power with human surveillance and domain
expertise, ChatGPT can help speed up advanced analytics. Repetitive and routine
aspects are automated, while ChatGPT’s explanations strengthen human judgment.

This chapter demonstrates how ChatGPT can function as an analytics
companion, offering the best of Al and human critical thinking. We cover innovative
applications in exploratory data analysis, statistical analysis and predictive
modeling, as well as text mining and sentiment analysis. Together, these techniques
provide deeper insights and optimize data-driven decisions.

5.1. Exploring new horizons: ChatGPT for exploratory data analysis

Exploratory data analysis (EDA) is a fundamental approach to data analytics
(Tukey 1977), essential for obtaining deeper insights and understanding the
underlying patterns within a dataset. Using visualization and statistical analysis
techniques, EDA aims to unravel valuable information, such as trends, outliers and
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data distributions, which lay the foundations for subsequent modeling and hypothesis
testing.

One of the main advantages of conducting EDA is its ability to identify patterns
and trends in the data. This information is crucial for making informed decisions, as
it enables analysts to recognize recurring behaviors or events. For example, within
customer data analysis, EDA can reveal recurring purchasing patterns, enabling
companies to effectively tailor targeted marketing strategies to specific customer
segments.

EDA also serves as an outlier detection mechanism, helping to identify data
points that deviate significantly from general trends. Outliers can provide valuable
insights about rare events or anomalies in the data. Identifying and understanding
outliers helps to distinguish erroneous data points from significant observations,
leading to more accurate analyses.

In addition, EDA facilitates a global understanding of the structure of the dataset
(Tukey 1977; Sedkaoui 2018a), the relationships between variables and data
distribution. This knowledge is essential for selecting appropriate methods of
analysis and formulating hypotheses. Understanding the data landscape enables
analysts to efficiently explore the dataset, extract meaningful information and
interpret results more accurately.

Visualization plays a central role in effective EDA. Thanks to the visual
presentation of data, patterns and trends become more obvious, enabling analysts to
grasp complex relationships and uncover hidden insights that might otherwise go
unnoticed in the raw data. Furthermore, statistical analysis adds a quantitative aspect
to the exploratory process, providing measures and metrics that help to understand
data patterns objectively.

EDA is an iterative process that involves continuous exploration and discovery
(Berman 2013; Sedkaoui 2018a). As analysts take the data further, new questions
and hypotheses may emerge, requiring further exploration and refinement of the
analysis. Adopting the iterative nature of EDA ensures that all aspects of the dataset
are explored in depth, ultimately leading to richer insights and more informed
decision-making.

In this open-ended discovery process, EDA requires both technical expertise and
human intuition, making it a creative and analytical undertaking. Here, generative Al
models, exemplified by ChatGPT, play a unique and complimentary role, enhancing
human judgment and collaboration during this exploration.
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One important aspect in which ChatGPT excels is hypothesis generation. By
examining datasets, ChatGPT can help analysts brainstorm intriguing hypotheses
based on trends and apparent anomalies. This synergy of human expertise and Al-
based insights opens up new investigative directions. For example, by analyzing
sales data, ChatGPT can prompt data analysts to explore the link between a
significant increase in the third quarter and a promotional summer campaign. This
joint exploration leads to more targeted and fruitful investigations.

Figure 5.1 shows how ChatGPT can profoundly transform key aspects of the
analytical process — from data processing and analysis to insightful hypothesis
generation and rigorous validation. ChatGPT accelerates workflows while
increasing human creativity and monitoring across these phases.

Natural language processing to extract insights fromdata

C Summary of complex datasets

Identification of patterns and trends

Predictive modeling and forecasting

Data analysis ( Recognition of anomalies and relationships in the data
Automation of analytical workflows
Suggesting research directions based on data

ChatGPT
Highlighting knowledge gaps

Hypothesis generation
t Creative problemsolving for novel concepts

Inspiration for innovative thinking

Recommending experimental designs

Identifying confounding factors and bias

Hypothesis validation

Suggesting statistical tests for validation

Generating altenative hypotheses to challenge ideas

Figure 5.1. Using ChatGPT for data processing,
analysis and hypothesis generation
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In data processing, ChatGPT applies natural language features and pattern
recognition algorithms to rapidly extract information, identify trends and summarize
complex datasets. This automates laborious manual tasks while highlighting
overlooked relationships.

With regard to analysis, predictive modeling and anomaly detection, ChatGPT
reveals new insights that humans may miss. It enhances hypothesis generation with
out-of-the-box thinking by highlighting gaps and suggesting creative new data-
driven connections. It thus strengthens validation by systematically assessing
experimental rigor and challenging hypotheses through alternative perspectives.

ChatGPT also helps to identify potential patterns that might require further
investigation. The model can spot subtle trends or correlations within the data, and
suggest relevant visualizations to illustrate them more clearly. This collaborative
process enables data analysts to gain valuable insights into the underlying structure
of the data (Sedkaoui 2023). For example, ChatGPT could help uncover a clear
increase in sales each month through a heat map presentation, prompting further
exploration of seasonality and its implications.

Outliers often contain critical information in data analytics. ChatGPT’s ability to
quickly analyze large datasets and flag potential anomalies for human review proves
invaluable, as discussed earlier in this book. By identifying unusual data points, the
model guides data analysts to examine these instances more closely. For example,
ChatGPT can highlight three data points as outliers among daily active users, prompting
data scientists to investigate the events or factors that led to the spikes on those specific
dates.

Overall, the collaboration between generative Al and analysts in the EDA
process presents an exciting fusion of technical capabilities and creative thinking.
ChatGPT’s talent for generating hypotheses, identifying patterns and spotting
outliers complements the intuitive insights of data analysts, propelling the discovery
process to new heights. This symbiotic relationship not only accelerates data
exploration, but also improves the quality of analysis, leading to more in-depth and
actionable discoveries. The interplay between Al and human judgment in EDA
highlights the potential of technology as an indispensable ally in data-driven
decision-making and problem-solving.

So far, we have seen how ChatGPT can be an incalculable asset for generating
hypotheses, identifying patterns and identifying outliers in the EDA process.
However, we have not yet addressed the other essential aspect of this data exploration
process: the visualization of data.
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Data visualization plays a central role in understanding complex datasets,
revealing hidden patterns and presenting information in a clear and accessible way.
Visual presentations enable the human mind to grasp information more easily,
making it easier to detect trends, anomalies and correlations that might otherwise
remain obscured in the raw data.

However, it is crucial to understand how ChatGPT approaches data visualization.
Can it really generate graphs and other visual presentations from databases?

Even if we ask ChatGPT this question directly, we will get the answer given in
Figure 5.2.

ChatGPT
As a language model, | can suggest appropriate visualizations for your data based on their
characteristics. However, | cannot directly generate graphs or visual representations. My main role

1s to understand and process text to provide natural language responses. However, | can assist

you in generating code or instructions to create graphs using data visualization libraries in

programming languages such as Python, R, or other specialized tools. You can then run this code

in a suitable environment to generate graphs and visual representations from your data.

Figure 5.2. ChatGPT’s data visualization response

This response is useful and informative, highlighting both the capabilities and
limitations of ChatGPT as a natural language model. ChatGPT can be a valuable
tool for data visualization, but it is crucial to consider its limitations.

This answer raises a good point — ChatGPT does not currently generate
visualizations of interactive data or graphics on its own. So, to state or believe that
ChatGPT can actually “create visualizations™ is not accurate, at least for now. In the
context of data visualization, it should be noted that ChatGPT can, for example:

— suggest appropriate visualization types, such as bar charts, scatter plots or heat
maps, based on the data you have and the objectives of your analysis;

— guide you through the essential elements of a visualization, such as axes, data
fields, colors etc., to make your graphs more informative and attractive;

—provide Python or R code examples that can be used to create the
recommended visualizations;

— allow you to easily create tables to organize your data clearly and concisely.

It is true that absorbing knowledge through words alone often limits full
conceptual understanding, and that visual presentations provide an additional layer
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of understanding that is not fully transmitted by text alone. But, unfortunately, even
advanced versions such as GPT-4 cannot autonomously generate explanatory
graphics, despite their multimodal capabilities for processing images and text.
Currently, GPT-4 can only analyze existing visuals, not create new ones.

This is where ChatGPT plugins prove invaluable. By integrating diagramming
languages such as Mermaid and PlantUML, these tools enable users to visualize
ChatGPT’s textual explanations through graphs, mind maps, flow charts and more.

The synergy between ChatGPT’s textual elucidation and plugin-enabled graphical
presentation thus enhances comprehension. Critical concepts become clearer when
expressed through both textual and visual mediums, creating deeper anchors for
learning.

So, while ChatGPT remains confined to textual elucidation, the plugins unlock its
visualization capabilities. Together, they enable a more holistic absorption of
knowledge — meaningful words, graphs providing visual contexts. This demonstrates
the power of ChatGPT’s increased capabilities through integration with
complementary technologies.

But it is worth noting that data visualization goes beyond simply creating
esthetically pleasing charts and graphs. It involves determining what data are relevant
to visualize, ensuring that the data are in the appropriate format for visualization, and
exploring how data visualizations can even predict future trends.

In this context, it is worth asking whether advances in generative Al technology
have succeeded in solving these daunting challenges for many people. Or put
another way, how can ChatGPT be used for data visualization, helping users
discover deeper insights from their datasets? By leveraging ChatGPT’s capabilities,
can we truly unlock the power of data visualization and improve the decision-
making process?

The answers to these questions can be summarized as follows:

—unlocking data visualization recommendations from ChatGPT: managing
complex datasets with numerous columns can be a daunting task, especially when it
comes to deciding which data should be visualized (Sedkaoui 2018b). Analyzing
data relationships and correlations can be time-consuming and challenging, leaving
you overwhelmed by the myriad of available options. However, with the advent of
language learning models and Al-powered applications like ChatGPT, data analysts
can now save a great deal of time and effort in this process. Imagine you have a
dataset of product sales in a store, and you want to uncover valuable insights
through visualizations. Simply turn to ChatGPT for assistance. By taking advantage
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of its capabilities, you can search for suggestions on what data to visualize and what
types of charts would best suit your data analysis needs. You can easily provide a
description of your dataset through a prompt, and ChatGPT will quickly come up with
relevant recommendations for effective visualizations. With this powerful tool at
your disposal, exploring complex datasets becomes a more efficient and productive
undertaking. While the result may not be perfect at this stage, it provides a valuable
starting point for overcoming initial difficulties. It sets you in motion and, as you
progress, you can refine and improve your results. If you want to improve this
approach, you can integrate OpenAl with your preferred business intelligence tool and
generate automated data visualizations using Al. You can, for example, use
ChatGPT’s Code Interpreter, a robust tool that enhances the Al model’s
functionalities, and makes coding and data visualization more accessible;

— Improving the quality of your data for smarter data visualizations: not only can
you take advantage of ChatGPT for data visualization, but you can also use its
capabilities to enrich your dataset. If your existing data are missing certain
information, incorporating additional data can lead to more insightful and
comprehensive results. Consider supplementing your dataset with various
enrichments, such as sentiment analysis of text strings, location coordinates,
demographics, up-to-date foreign currency conversion rates, aggregate calculations
and some more (Cupani 2022). With the help of ChatGPT, you can discover valuable
scripts to seamlessly integrate these enrichments into your dataset. For example, you
can ask ChatGPT to assess the sentiment of customer reviews, allowing your data
analysis to better understand your customers’ perspectives.

— Leveraging Al for predictive analytics: while visualizing historical data is
valuable for learning from past experiences, relying solely on past information can
leave you behind your competitors. What if you could proactively predict risks and
opportunities before they arise? Predictive analytics is gaining popularity among
organizations seeking to make data-driven decisions based on forecasts. Although a
specialized field, the advancement of language learning models like GPT-3.5 and
GPT-4 has made experimenting with predictive analytics more accessible. By
training GPT on historical data, data scientists can now get started, creating Al-
powered data visualizations that help predict future outcomes.

— Data cleaning and modeling with ChatGPT: as the GIGO principle indicates,
the importance of data cleaning and optimized data modeling cannot be
overestimated when it comes to meaningful data visualizations. Although data
cleaning and modeling are not as captivating as the creation of charts, they are
essential steps that cannot be neglected. As mentioned previously, ChatGPT can
simplify the laborious process of data cleaning and processing. It helps identify
potential outliers in the dataset, manage missing information and empty values,
normalize data and select the most appropriate data model.
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—Could Al-based data visualization be the future? The vast potential of
emerging Al tools like ChatGPT is undeniable. While certain people may worry
about the impact of Al on their careers, forward-thinking software teams are
embracing its possibilities. Early adopters who learn to leverage Al for data
visualization will gain a competitive edge, become more efficient and rapidly expand
their skills. As Al and tools like ChatGPT become an integral part of various
industries, including data visualization, these have the potential to revolutionize the
way we work and create valuable insights.

5.2. Simplifying your analysis: automation tasks for increased
efficiency

The automation of data analytics plays a crucial role in revolutionizing the
analysis process. As highlighted in Chapter 3 of this book, data analysts often spend a
lot of time on repetitive tasks, which can hamper their productivity and their ability
to focus on strategic insights. However, with the advent of ChatGPT, automation is
becoming a reality, enabling data analysts to harness the true power of their skills
and expertise.

One of the most significant advantages of ChatGPT is its ability to automate data
preparation. Thanks to well-designed prompts, ChatGPT can handle tasks such as
database queries, data cleaning and imputation of missing values. This automation
considerably reduces the hours spent on trivial data preparation, allowing analysts to
devote their time to higher-added-value activities.

What’s more, ChatGPT facilitates self-service report creation for professional
users. By generating reports, suggestions for data visualization and dashboards
based on user queries, ChatGPT enables non-technical stakeholders to access the
information they need without relying heavily on analyst support. This self-service
reporting approach reduces dependency on analysts and promotes more agile
decision-making within organizations (Sedkaoui 2023).

Beyond the automation of routine tasks, ChatGPT enhances complex analytical
activities, such as forecasting, optimization and sentiments analysis. It gives analysts
a head start by generating initial insights which they can then refine according to
their expertise in the field. This augmentation process enables data analysts to
enhance their analytical skills and extract more meaningful insights from the data.
Integrating ChatGPT into data analytics processes goes far beyond automating
repetitive tasks; it also offers valuable assistance in advanced and strategic analytical
activities. Table 5.1 gives an overview of the roles of ChatGPT and analysts in some
advanced analytical tasks.
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Activity ChatGPT’s role Data analyst’s role

Review and refine forecasts based

Rapidly process historical data on business knowledge

Forecasting for time-series forecasting using

different statistical statistics Adjust forecasts to take into

account contextual factors

Add critical context to constraints

Suggest optimizations, such as and business objectives to tailor
Optimization | pricing, inventory levels or optimizations
data-driven resource allocation Provide the necessary logic and
reasoning

Perform sentiment analysis on . L .
Y Validate Al categorizations with a

Sentiment customer feedback or reviews .
analvsis using natural laneuage nuanced understanding of the
i .
y & . guag business context
processing

Table 5.1. ChatGPT and analyst roles in advanced analytical tasks

Forecasting is an excellent example of this collaboration. ChatGPT can rapidly
process historical data and generate time-series forecasts using various statistical
models. Analysts can then review and refine these forecasts, integrating their business
acumen and knowledge. For example, they can adjust ChatGPT’s holiday gross sales
forecasts to take into account an upcoming marketing campaign or other contextual
factors.

In optimization tasks, ChatGPT can provide valuable suggestions, such as pricing
recommendations, inventory levels or resource allocations, based on data analyzed.
However, analysts bring a critical context, taking into account commercial
constraints and objectives, to tailor optimizations accordingly. While ChatGPT
handles the mathematical aspects, human analysts provide the necessary rationale and
reasoning.

Similarly, ChatGPT’s natural language processing capabilities enable it to
perform sentiment analysis on customer feedback or reviews (Sedkaoui 2023).
However, it is the analysts’ nuanced understanding of companies that enables them to
accurately validate and contextualize the AI’s categorizations.

By offloading the repetitive aspects of the analyst role to ChatGPT, data analysts
can concentrate on higher-value work that requires their specialized skills. This shift
in focus enables them to engage in strategic decision-making and model governance
and to provide essential support to the organization’s key stakeholders.
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Apart from that, ChatGPT can also:

— quickly run simulations and create models to test different scenarios and
hypotheses. Analysts provide key inputs based on business knowledge that improves
the relevance and accuracy of models. In addition, ChatGPT can analyze data to flag
potential anomalies using statistical tools such as z-scores. However, analysts need to
validate which reported anomalies warrant investigation based on their
understanding of the data and business context;

—in decision-making, suggest data-driven decisions, such as which products to
promote or which campaigns to investigate. However, analysts evaluate these
recommendations against real-world constraints and objectives for which Al lacks
visibility;

— generate reports with summaries of insights, streamlining the reporting
process. But analysts need to organize, refine and contextualize reports for different
audiences and decisions, ensuring that the right message is conveyed.

The main theme is that ChatGPT enables analysts to increase their impact by
automating busy work and providing analytical safeguards. It significantly reduces the
time spent on repetitive tasks, enabling analysts to focus on higher-added-value
activities that require human expertise and creativity. However, its recommendations
must be tempered by human analysis to lead to sound decisions. This symbiosis
enables organizations to make the most of AI’s capabilities and human expertise,
fostering a powerful collaboration that improves the overall data process.

The combination of ChatGPT’s computational speed and an analyst’s specialized
skills creates an augmented analytics process with new potential. Organizations that
embrace Al for automation while amplifying human strengths will excel in data-
driven decision-making. This seamless integration enables data-driven decisions to be
made more effectively and efficiently, ultimately leading to competitive advantages
and better business results. As data analytics continues to evolve, the synergy
between Al automation and data scientists will be essential to unlock new levels of
insight and innovation.

5.3. From statistics to predictions: ChatGPT as the partner of choice

In most organizations, descriptive statistics form the basis for more advanced
predictive analyses. By analyzing historical data to uncover patterns, trends and
relationships, statistics help us to better understand the past (Delen and Demirkan
2013). Predictive analysis then exploits this statistical information to forecast future
results.
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Descriptive statistics enable a detailed examination of a company’s performance.
Measures such as averages, distributions, correlations and regressions quantify what
has happened. Statistical modeling techniques, such as linear regression and cluster
analysis, reveal the factors that determine results.

This statistical information sets the way for predictions. By identifying the
strongest relationships and patterns in past data, we can create models that exploit
these insights in order to anticipate future results. Predictive analysis applies
machine learning algorithms to historical data, in order to predict outcomes such as
sales, demand, prices, equipment failures and so on.

However, the predictions are not as good as the underlying statistics. Poorly
conducted descriptive analysis will fail to uncover important variables and
relationships. This makes predictive models ignore key factors. The best predictions
combine robust statistical analysis with intelligent modeling techniques.

Organizations need to view statistics and forecasting as an integrated continuum,
not as isolated practices. A solid statistical foundation puts more accurate forecasts
on the map. And predictive models reveal new questions to be explored statistically.
By linking these capabilities, companies can convert data into actionable forecasts
that generate competitive advantage.

From statistics to predictions, ChatGPT and other generative models have
established themselves as the partner of choice for data analysts. Although
traditional statistical methods have formed the basis of data analytics for decades,
they often fail when it comes to complex, large-scale datasets and the need for
predictive insights.

ChatGPT, with its language understanding capabilities and access to vast
knowledge, enables analysts to go beyond the constraints of statistical analysis and
to delve into the realm of predictive modeling. By exploiting historical data,
ChatGPT can quickly generate time-series forecasts, identify patterns and even
assist in sentiment analysis. ChatGPT’s fusion of human intuition and computational
prowess enables analysts to unlock the potential of data-driven decision-making,
paving the way for better-informed strategic choices and more accurate predictions
for the future. It acts as an essential assistant in the transition from statistical analysis
to predictive modeling.

Organizations leveraging ChatGPT to augment their analytical journey, from
descriptive statistics to predictive analytics, will reap major benefits. In what
follows, we explore best practices for using ChatGPT to enhance analytics across
three key phases: statistical foundations, predictive modeling and model
deployment.
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5.3.1. Establishing statistical foundations

Through exploratory data analysis using statistics, ChatGPT provides the fuel for
effective predictions. ChatGPT accelerates the process to uncover key insights, such
as correlations, drivers and important variables in historical datasets. Its natural
language processing allows analysts to explore data interactively. For example, a data
analyst might ask ChatGPT questions such as: “What are the main factors correlated
with customers unsubscribing in our subscriber data over the past two years?”;
“Which customer segment has the highest average basket size, and what are the
distinguishing features of this segment?”; “Is there a statistically significant difference
in conversion rates between customers referred via social networks and search
engines?”’; “Identify outliers, anomalies or data quality issues in this dataset to be
resolved”.

However, human monitoring is essential to ask the right questions (prompts) that
are relevant to the business context. Analysts must also validate that ChatGPT’s
analysis is statistically valid. Iterative probing with different questions enables
analysts to create a complete statistical profile of the data.

With large, complex datasets, ChatGPT accelerates this discovery process
exponentially while benefiting from human advice. Key statistical insights
discovered becomes candidate variables for predictive modeling.

5.3.2. Building models with ChatGPT

Once key variables and relationships have been statistically identified, analysts
can leverage ChatGPT to build predictive models. Its computational speed enables
rapid prototyping and testing of different algorithms to find the best fit. Common
predictive modeling techniques that ChatGPT can implement or support include:

— Linear regression predicts continuous results, such as sales or demand, as a
function of correlated variables. ChatGPT can analyze historical data to automatically
generate linear regression models. For example, data analysts can ask ChatGPT to
automatically generate a linear regression to predict product demand based on
historical sales, price seasonality, promotions and other factors. ChatGPT returns the
model equation with variable coefficients for review. Analysts can then refine the
model by asking ChatGPT to try transformations such as asymmetrical log scaling of
variables. This augmented approach leads more quickly to well-fitted models.

— Logistic regression predicts binary outcomes, such as customer churn rate,
using independent variables. ChatGPT can also create logistic regression models for
binary classification use cases, such as predicting customer attrition. For example,
data analysts could provide customer data with churn labels and ask ChatGPT to
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identify the most predictive inputs to classify churn versus non-churn with logistic
regression. It can determine income, purchase frequency, support tickets and other
more important markers to model churn probabilistically. ChatGPT returns the
logistic equation for inspection.

— Decision trees predict results by splitting the data based on optimal cut-off
points in the variables. ChatGPT can build decision tree logic based on analysts’
needs. For segmentation use cases, analysts can leverage ChatGPT to automatically
generate decision tree models to divide customers into groups of people based on
attributes. It efficiently determines the optimal sequence of attribute thresholds to
segment the population. Analysts can assess tree depth, pruning needs and
overfitting risks.

— Random forests improve accuracy over single decision trees by aggregating
many trees. ChatGPT can also construct random forest models that aggregate many
individual decision trees, using primed data samples to classify results as fraudulent
transactions. This provides more robust predictions than a single tree. Analysts can
work with ChatGPT to adjust the number of trees and variables per tree, to optimize
accuracy. ChatGPT can quickly generate random forest models by building many
individual trees using bootstrapped samples of the training data.

— Neural networks mimic human cognition to discover complex non-linear
relationships. ChatGPT can suggest appropriate network architectures and
hyperparameters to test.

For each technique, ChatGPT can provide model templates as a starting point.

Data analysts then evaluate the accuracy of the model on the test data and ask
ChatGPT to adjust hyperparameters and try additional input variables to improve
predictive power.

By automating the tedious task of testing different algorithms and configurations,
ChatGPT enables analysts to take a high-level strategic view of maximizing model
accuracy. This mixed approach results in more robust models.

5.3.3. Model deployment and monitoring models

Once a satisfactory model has been developed, data analysts can work with IT
teams to integrate the models generated by ChatGPT into business applications for
production use. However, deployment is not the end of the predictive journey. To
maintain accuracy over time, human analysts must:

— continuously monitor model performance as new data emerges by tracking
measures such as precision, recall and F1 scores;
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—regularly recycle models on new data to incorporate the latest patterns and
trends. ChatGPT accelerates the recycling process;

— implement systems to detect concept drift — when model accuracy deteriorates
due to changing real-world conditions;

— adjust models in response to new business needs and objectives;

—implement governance protocol models based on ethical and compliance
safeguards;

— document model limitations, assumptions and other details for stakeholders.

Proper implementation requires combining ChatGPT capabilities with human
judgment, business knowledge and monitoring. Automated monitoring and
retraining pipelines need to be complemented by human audits.

5.3.4. Business impact

Companies that successfully integrate ChatGPT’s statistical calculations with
human analytical thinking can unlock numerous benefits that drive growth and
success:

— Accelerated insights: thanks to ChatGPT’s ability to rapidly analyze variables
statistically and create robust predictive models, organizations can gain insights at a
much faster pace. This accelerated data exploration enables them to make informed
decisions quickly, giving them a competitive edge in dynamic markets.

— Democratized analytics: by empowering business analysts to augment their
capabilities with AI, organizations reduce their reliance on data specialists.
ChatGPT’s user-friendly interface and conversational nature make it accessible to a
wider range of professionals, democratizing the data analysis process.

— Improved forecasting: the combination of human expertise and Al capabilities
results in more accurate demand forecasts, propensity models and other predictions.
By harnessing the strengths of both, organizations can make informed strategic
decisions and anticipate future trends more effectively.

— Optimized decisions: data-driven insights and predictive intelligence enable
companies to make timely, optimized decisions. Whether it is resource allocation,
pricing strategies or marketing campaigns, these decisions are based on robust data
analytics, minimizing risk and maximizing returns.

— Competitive advantage: with the ability to adapt quickly to market changes and
anticipate future trends, organizations gain a competitive edge. ChatGPT’s support
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for predicting customer preferences, market changes and emerging opportunities
helps them stay one step ahead.

The combination of computational power, human creativity and business logic is
becoming a winning formula for predictive success, enabling companies to thrive in an
increasingly data-driven world.

5.4. Deciphering feelings: text and sentiment analysis with ChatGPT

Sentiment analysis, as a process of assessing the emotional tone of textual
content (Sedkaoui et al. 2022), is of immense importance in today’s data-driven
world. By identifying words and phrases that drive positive, negative or neutral
sentiments, this powerful technique provides valuable insights into how people
perceive products, services and brands. According to a study by Bain & Company, the
adoption of sentiment analysis solutions was expected to reach 80% among
companies by 2023.

One of its main applications lies in the analysis of customer feedback, where
companies can discover areas for improvement by prioritizing and addressing
common complaints. In addition, sentiment analysis has been widely used in social
media monitoring. By tracking mentions of a company or brand, organizations can
assess public sentiment and track changes over time.

This real-time feedback enables them to react proactively and improve their
reputation management strategies. Speaking of brand reputation management,
sentiment analysis acts as a crucial ally in identifying negative sentiment on social
media platforms, enabling companies to quickly mitigate potential damage.

In addition to brand-related issues, sentiment analysis has many applications in
market research. By deciphering prevailing feelings towards products or services,
companies can gain valuable insights into consumer preferences and trends. These
insights enable them to make data-driven decisions and refine their offerings to
better meet customer demands.

By understanding customer sentiments, companies can tailor their offerings to
better meet customer needs, fostering stronger customer relationships and loyalty.
This valuable insights can also be used to fine-tune marketing campaigns, ensuring
that they resonate with the target audience and generate greater engagement.

This enables companies to discern changes in customer preferences, helping
them to decide when to launch new products or services, adjust their marketing
strategies or take corrective action if necessary. This predictive aspect of sentiment
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analysis enables organizations to stay one step ahead of the competition (Sedkaoui et
al. 2022), anticipate market trends and remain agile in a dynamic business
environment.

One notable advantage of sentiment analysis is its role in brand reputation
management. By quickly detecting negative feelings towards a brand, companies
can proactively address concerns, mitigate potential damage and improve brand
reputation. This proactive approach not only builds loyalty with existing customers,
but also improves brand image, attracting new customers who perceive the company
as responsive and customer-centric.

Organizations leveraging generative Al for textual analysis open up new
horizons for understanding sentiments, topics, trends and relationships in unstructured
textual data (McKinsey 2023). Whether analyzing customer feedback, social network
discussions, call center logs or employee communications, ChatGPT, in
collaboration with human experts, can extract invaluable insights from text that
guide strategic decision-making. This detailed guide explores techniques and best
practices for text mining with ChatGPT.

Table 5.2 illustrates some examples of the different applications of ChatGPT in
sentiment analysis.

Application ChatGPT’s role Example
Improve sentiment analysis
Data pre by cleaning up and ChatGPT corrects: “This
P . normalizing unstructured producTisgood! #ILovelt” with: “This
processing . . -
data for greater consistency | product is good! #I Love it
and quality
Excel at extracting relevant .
£ ChatGPT extracted from this text:
features from textual data, “ . e
. . The user interface is intuitive and
enabling sentiment NN . \
Feature . navigation is user-friendly”, the
. analysis systems to . s T
extraction A . following characteristics: “user
distinguish unique nuances | . et e e
. interface”, “intuitive”, “navigation”,
in customer-brand « . .
. user-friendly”.
communication
Analyze data contextually | ChatGPT summarized this text: “Their
with industry jargon and customer support team was responsive
Contextual unique relationships to and solved our problems quickly”, with
understanding | effectively distinguish the following context: “Positive feedback
positive, negative and on a company’s customer service”.
neutral sentiments So, the overall feeling is: positive
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From this text: “The after-sales service
Generate synthetic textual was responsive and solved our
data with various sentiment | problem quickly”, ChatGPT indicated
Training data | labels, enhancing existing a summary: ‘“Positive”. From this text:
generation training datasets or “The product does not meet
creating new models for expectations, and customer service is
better sentiment analysis difficult to reach”, it indicated a
summary: “Negative”.
Use ChatGPT as a From the following entry: “The app’§
. . . new user interface is confusing, and it
Sentiment classifier, directly ”
classification predicting the sentiment of now takes longer to comp %ete task§ ’
. ChatGPT predicted a sentiment with:
a given text « .
Negative
Thanks to its translation capabilities,
ChatGPT was able, from the text in
French: “La derniére sortie de produit
Use for sentiment analysis | de [’entreprise a dépassé toutes les
Multiple in different languages, attentes et a regu des critiques
language enabling companies to ¢logieuses de la part des clients”, to
support reach wider markets and propose an English translation: “The
regions company’s latest product release
exceeded all expectations and received
rave reviews from customers”, and
indicated a “positive” overall sentiment
Monitoring of a company’s Twitter
account for customer comments:
“@company Your customer service is
Enable real-time terrible, I’ve been waiting for a
Real-time immediate sentiment response for days!” ChatGPT identified
analysis analysis for fast data- a “negative”, sentiment and defined an
driven decisions action to be taken as follows: “The
customer support team must
immediately respond to the dissatisfied
customer and solve their problem”.

Table 5.2. Examples of ChatGPT application in sentiment analysis

In each case, ChatGPT’s natural language capabilities provide a scalable
baseline, while human expertise focuses on strategic analysis and continuous
improvement. Al handles repetitive language-based tasks, while humans provide the
contextual understanding to turn information into action. This symbiosis enables
organizations to extract the full value from unstructured textual data, giving them a
competitive advantage.
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It should be noted that ChatGPT can also be used for emojis in sentiment
analysis. Emojis can convey valuable information about the sentiment of a message.
For example, positive emotions can be expressed with emojis like:

@@‘@or@

while negative emotions can be conveyed by emojis such as:

@OROEeTOVIrd®

Although ChatGPT has been trained on a wide range of textual data to recognize
and process certain emojis, its understanding and interpretation of emojis may not be
as complete as with plain text, particularly when it comes to more complex or less
common emojis.

To confirm this, we prompted ChatGPT to analyze the sentiment of this
customer review, taking into account the emojis used:

@ The new product is @

Its response is shown in Figure 5.3.

ChatGPT

In this customer review, the emojis used are " S and"@" " The"S" emoiji is often associated with

a positive emotion, expressing laughter or joy. In contrast, the " @ " emoji is typically used to
convey negative sentiments, such as disappointment, dissatisfaction, or discontent. Combining
these two emojis, we can interpret the sentiment of this review as mixed. The customer seems to
have found something amusing or entertaining about the new product (" & ™), but they also
express reservations or concerns about it (" @ "). It is crucial to consider the emotions conveyed

by the emojis to fully understand the customer's perspective on the new product.

Figure 5.3. ChatGPT’s response for sentiment analysis

In this situation, we find that ChatGPT’s response does not perfectly reflect the
customer’s sentiment. However, it did advise taking into account the emotions
expressed by the emojis to better understand customer sentiment. So, it is important to
note that while ChatGPT can be helpful in analyzing emotions and sentiments
expressed by customers, human intervention remains essential for an accurate and
nuanced interpretation of customer feelings.

In this context, the use of ChatGPT for sentiment analysis presents some key
challenges to consider:
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— Understanding sarcasm and subtle sentiments: ChatGPT often has difficulty
detecting sarcasm, irony and more subtle sentiments that require deeper linguistic
and cultural context. For example, the phrase “it’s all simply awesome” may be
classified as positive, when it was intentionally sarcastic.

— Dealing with ambiguity: ambiguous pronouns and references can make it
difficult for ChatGPT to determine the true subject of the sentiments expressed. For
example, “I can’t believe they did that” isn’t clear about who the pronoun “they”
refers to. Here are a few examples of how ambiguous language can confuse
sentiment classification:

- polysemy: words with several meanings, such as “light”, “left” or
“conforming”, make sentences ambiguous. For example, “the laptop is so light!” is
difficult to classify without knowing whether “light” refers to weight or color;

- idioms: figurative expressions such as “break a leg” or “cost an arm and a
leg” are difficult for Al to interpret correctly without the cultural context of humans;

- unclear references: when pronouns like “this”, “that” or “it” have no clear
antecedents, the subject of the sentiment expressed is uncertain. For example, “I
can’t believe they’re allowing this!”;

- weak context: a broad context is often necessary to disambiguate sentiments.
The phrase “the movie was sick!” is not clear without knowing that it is a movie
review.

By recognizing these sources of ambiguity, we can select training data and create
prompts to minimize inaccuracy when using ChatGPT for sentiment analysis.
However, despite these improvements, human intervention remains essential to
validate and interpret the results obtained by ChatGPT, ensuring a more accurate and
insightful analysis of customer sentiments;

— Detecting negation and emphasis: the presence of negation words and

emphasis, such as “not”, “never” or “extremely”, can alter or reverse the polarity of
sentiments. ChatGPT does not always take these modifiers into account.

— Limited world knowledge: ChatGPT lacks the real-world knowledge and
common sense that can provide critical context for interpreting complex sentiments.
Humans intuitively take advantage of this to read between the lines.

— Data issues and bias: as a statistical model, ChatGPT risks inheriting and
amplifying biases present in the training data. More diverse training data are needed.

— Evolving language trends: new slang, cultural references, emojis and creative
language can render ChatGPT’s trained interpretations obsolete until retrained.
Human analysts adapt more quickly.
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We should also not forget cultural nuances, of course, which can certainly
complicate ChatGPT’s sentiment analysis in different regions and languages.

Type Issue
Some cultures tend to express sentiments more indirectly or
Indirect implicitly. For example, in some Asian cultures, negative
communication comments may be made tentatively to avoid offending. Subtle

cues that modulate sentiment can be missed by ChatGPT

In hierarchical cultures, the status and power relationship between
communicators impact how openly sentiments are expressed.
ChatGPT can miss nuances of authority and deference that modify
sentiment

Power distance

Factors such as tone, volume, facial expressions, gestures and
other non-verbal cues provide additional context that facilitates

Non-verbal cues . . . .
human interpretation of sentiment, but are not captured in text

alone
Idioms and Culture-specific idioms, analogies and historical references
historical familiar to locals, but not to others, can mask sentiments. Meaning
references is opaque to ChatGPT without broader cultural mastery

Table 5.3. Cultural challenges to consider in ChatGPT sentiment analysis

By being aware of its limitations, we can develop strategies to compensate for
cases where ChatGPT fails to analyze nuanced sentiments in comparison to human
cognition. By training ChatGPT on region-specific data and incorporating feedback
from local experts, certain cultural gaps can be filled. But human monitoring is
always crucial when analyzing sentiments in various contexts.

Therefore, the involvement of data analysts is essential to train ChatGPT to
properly handle these nuances, as well as the various challenges discussed above.
With human guidance in data preparation, model development and continuous
improvement, ChatGPT can become more aware and competent at disambiguating
complex sentiments. The symbiosis of human and Al strengths leads to a more reliable
and insightful analysis.

After exploring how ChatGPT can augment human analysts when it comes to key
techniques such as statistical analysis, predictive modeling, text mining and
sentiment analysis, we now take a closer look at best practices for developing,
optimizing and governing predictive models by taking advantage of generative Al in
Chapter 6.
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Prediction and Modeling
with ChatGPT

In Chapter 5, we explored ChatGPT’s capabilities as an analytics assistant for
techniques like statistical modeling, predictive modeling and text mining. However,
building an initial model is only the first step. To extract lasting value from
predictive modeling, organizations need strategies for continuous improvement,
monitoring, responsible governance and integration into business processes.

This chapter provides best-practice advice on how to go beyond basic model
development and create sustainable, ethical and optimized predictive engines with
ChatGPT. By adopting a human-centric, iterative approach, we can improve model
accuracy over time through feedback loops. As new data emerge, we can detdect
performance drift and retrain models to keep them relevant.

With responsible Al protocols that emphasize transparency and bias detection,
we can build reliable predictive tools aligned with business needs. And by properly
documenting, validating and monitoring model inputs, outputs and impacts, we
responsibly integrate the resulting insights into organizational decision-making
flows.

ChatGPT’s expertise in rapid model development is powerful, but human
collaboration is crucial to maintaining accuracy,, ethics and strategic relevance. This
fusion of AI and human allows organizations to extract lasting business value from
predictive capabilities.
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6.1. Automating the data analysis process with ChatGPT

Organizations striving to maximize the value inherent in their data recognize the
indispensable role of analysis processes. These structured procedures serve as the
backbone to ensure that data are systematically collected, processed and subjected to
analysis, ultimately promoting consistency and efficiency. As a result, the dividends
reaped include enhanced decision-making capabilities, refined operational efficiencies
and an enhanced innovation environment.

Integrating a data analytics workflow offers a range of benefits. Of particular
note is the increased accuracy and consistency achieved through well-defined
processes, leading to more coherent data collection, processing and analysis. This, in
turn, amplifies the accuracy of results. In addition, the presence of workflow produces
a double effect, improving efficiency both in the data analytics process itself and
freeing up resources for essential tasks. Furthermore, it weaves crucial insights
together, enabling organizations to make more informed decisions.

This synergy contributes to greater operational efficiency and fertile ground for
innovation. It is important to note that the incorporation of such a workflow acts as a
safeguard against potential errors and pitfalls. Adherence to structured processes helps
organizations mitigate the risk of financial loss and reputational damage.

The importance of data analytics to inform sound business decisions is
universally recognized, but the process often involves a substantial investment of
time and manual effort (Henke et al. 2016; Sedkaoui 2018a). It is at this stage that
the concept of automating data analytics workflows emerges as an essential solution.

Automating data analysis workflows offers a multitude of benefits that impact all
business operations. In particular, it offers a means of saving time and resources,
thus promoting operational efficiency.

A facet of paramount importance is the improved accuracy and consistency that
automation brings to data analytics. Through the application of standardized
procedures, automated workflows ensure that data collection, processing and analysis
occur in a uniform manner. This uniformity results in increased accuracy and
reliability for results, mitigating the variability that human intervention can introduce.

Furthermore, the risk reduction inherent in automating data analytics workflows
cannot be overestimated. The risk of error is inherently reduced when relying on
automated processes that adhere rigorously to predefined protocols. This risk
reduction spreads its protective umbrella over companies, protecting them from
financial setbacks and preserving their hard-won reputation.
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Significantly, the impact of automated data analytics workflows resonates deeply
in the corporate decision-making landscape. Rapid access to timely, well-organized
information enables organizations to make informed decisions with greater
confidence (Delen and Demirkan 2013; Sedkaoui 2018b). By presenting data-driven
insights in an easily accessible way, automation facilitates more agile and reactive
decision-making, effectively improving the effectiveness of business strategies.

However, an important part of the data analytics process involves repetitive and
procedural tasks that often consume analysts’ time and energy. These routine
activities, while necessary, tend to hinder analysts from engaging in more
meaningful and interpretive work. In response to this challenge, ChatGPT is
emerging as a transformative solution with the potential to revolutionize data
analytics workflows.

ChatGPT’s capabilities extend to different stages of the data analytics process
detailed in previous chapters of this book. One notable area is data preprocessing,
where ChatGPT can speed up laborious data manipulation tasks. The model’s ability
to recognize relationships between disparate datasets and join them efficiently,
identify and rectify duplicate entries, handle missing values and facilitate
conversions and formatting of data types offers a remarkable acceleration of the data
preprocessing phase.

In the field of exploratory analysis, ChatGPT also proves invaluable in providing
an overview of the data. By autonomously generating summaries, distributions and
statistics, it provides data analysts with a preliminary understanding of the
characteristics of the dataset. In addition, the model’s ability to identify outliers,
anomalies, patterns and correlations streamlines the preliminary exploration
process.

The symbiotic collaboration between ChatGPT and data scientists also extends
to model development. In addition to automating testing and predictive modeling
algorithms comparison, ChatGPT can suggest evaluation metrics and appropriate
validation datasets. This increase in the model development phase speeds up
decision-making and lays the groundwork for more efficient model building.

Even in the area of reporting, the impact of ChatGPT is palpable. The model’s
ability to generate initial data summaries, suggested basic visualizations and
preliminary draft reports allows data analysts to refine and improve their findings,
effectively streamlining the data reporting generation process.

This automation frees up data analysts for additional interpretation and
monitoring such as prioritizing the most relevant relationships, determining
appropriate data transformations, assessing model limitations and contextualizing
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results into insights. So, the marriage of Al and human expertise enables
organizations to harness the dual strengths of both entities.

Workflows ChatGPT’s role
Accelerate data preparation with commands such as:
Data “Join the customer table to the sales table using the customer_id key”;
processing “Delete all duplicate lines in this dataset based on the product id field”;

“For missing values in the price column, impute the average price”

Provide data summaries quickly:

“Analyze the breakdown of sales by product category and highlight

Explorator .
P A y any outliers”;

analysis ) . . .
“Calculate the correlation coefficient between marketing expenditure
and customer acquisition”
Propose modeling approaches:

Model “Recommend a suitable model to predict customer churn based on
this customer data”;

development ) ) ) )
“Suggest metrics for evaluating the performance of this classifier on
unseen data”
Write basic results:

Reports “Summarize the main findings of sales data analytics”;

“Generate a bar chart showing sales by product for the last quarter”

Table 6.1. Enhanced data analytics workflows with ChatGPT

6.2. ChatGPT for accurate and reboust modeling

In the field of data-driven decision-making, the importance of accurate and robust
modeling is a cornerstone for companies seeking to navigate the complexity of their
operations. The ability to build models that are not only accurate but also resilient
becomes essential for deciphering trends, forecasting demand and predicting future
events. Robust models, capable of withstanding changes in data dynamics and
environmental factors, provide a solid foundation on which companies can anchor
their decisions.

The benefits of cultivating accurate and robust models have a major impact
on business operations. In particular, these models act as guideposts for better
decision-making. Armed with accurate information, companies are empowered to
embark on paths underpinned by informed choices, steering them towards results with
greater efficiency and strategic resonance.
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Furthermore, the role of robust models in risk reduction cannot be
underestimated. By anchoring decisions in data that withstand scrutiny and
fluctuation, companies can bypass the pitfalls of uninformed choices (Morabito
2015; Sedkaoui 2018a), protecting their businesses from eventual setbacks.

Operational efficiency, too, finds an unfailing ally in the form of accurate, robust
models. Their ability to automate tasks and reduce the need for manual intervention
not only streamlines operations but also frees up valuable resources that can be better
used elsewhere, promoting a more optimal allocation of organizational capacity.

In customer service, the impact of accurate, robust models results in a high
capacity to respond rapidly to customer concerns. Armed with reliable insights,
companies can deliver effective solutions, improve the overall customer experience
and foster lasting relationships.

To create accurate, robust models, several essential steps come into play. Above
all, the use of relevant data lays the foundations for model accuracy. The quality of the
data used for training is a decisive factor in the model’s final performance. At the
same time, the choice of the appropriate model type appears to be a crucial
consideration, with the optimal model varying according to the specific characteristics
and objectives of the data.

In addition, validation of the model’s accuracy through tests on new data and its
continuous monitoring ensure the reliability of the model’s predictive capabilities.
Evolving data and operational dynamics require ongoing commitment to ensure that
models remain relevant and effective.

The cornerstone of effective Al-driven modelling, such as ChatGPT, is the quality
of the training data it receives. This fundamental input not only shapes the model’s
understanding but also influences the biases and gaps it might manifest (Osoba and
Welser 2017). The role of data analysts becomes essential in this context, as they
assume responsibility for meticulously examining the data before introducing it into
the system. This verification process is essential to maintain the integrity and accuracy
of the resulting models. In addition, human monitoring guides ChatGPT in the
adoption of advanced techniques, such as data augmentation and strategic
oversampling. These methodologies enhance the presentation of diverse perspectives
in the data, mitigating the risk of biased outcomes and improving model’s robustness.

Selecting an appropriate model is another critical phase, where ChatGPT’s
prowess in rapidly prototyping multiple algorithms is plied. This exploratory
capability makes it possible to empirically determine the optimal approach, taking
into account complex factors such as the nuances of datasets, prediction objectives
and performance criteria. Nevertheless, it is the human element that introduces
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nuanced discernment. Human monitoring serves as a safeguard, ensuring that the
chosen model aligns with the specific requirements and limitations of real-world
business contexts. By considering the strengths and weaknesses of each model in the
context of business objectives, human support prevents misalignment and promotes
efficient use.

The journey does not stop once a model has been developed. Rigorous validation
is the foundation of model reliability. Using appropriate tests based on representative
datasets, analysts assess the model’s accuracy and generalizability. In addition, the
essence of continuous monitoring comes into play. Performance dashboards,
combined with bias detection and drift identification mechanisms, inaugurate a
continuous feedback loop. This iterative refinement process maintains model
integrity and accuracy even as conditions change over time.

Table 6.2 provides a summary of how ChatGPT can help reduce bias, assess
generalizability and build confidence in models.

Objective How ChatGPT can help Example
Identify under-represented groups “Compare the accuracy of
e e . in the data, suggest controlled this classifier across gender
Mitigating bias experiments to quantify bias, use and highlight disparities
debiasing algorithms exceeding 5%”.

Quickly test models on synthetic “Run this forecasting model

Assessing data, simulate future scenarios, . .
o . . on simulated sales data with a
generalizability | allow quick retraining as new data o) i ”
10% price increase”.
emerges

Provide explanations of model
logic and predictions, quantify
uncertainty, enable in-depth
analysis of training data

“Explain the logic behind this
ad targeting model and its
predictions”

Building trust

Table 6.2. Using ChatGPT to reduce bias, assess
generalizability and build confidence in models

In particular, strategies focused on minimizing bias, maximizing generalizability
beyond training data and emphasizing transparency are essential for deploying
reliable and ethical Al systems. The confluence of these strategies with ChatGPT
capabilities ensures that the models not only excel in theoretical constructs but also
resonate in the practical context of business operations.

While this detailed guide explores techniques for reinforcing, testing and
establishing confidence in the models generated by ChatGPT, further bridging the gap
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between theoretical potential and real-world effectiveness, it is important to note that
ChatGPT itself continues to evolve rapidly. In particular, the move from GPT-3.5 to
GPT-4 brings significant improvements to multimodal data analytics. GPT-4
demonstrates greater versatility integrating different types of data, and greater
expertise in analyzing both structured and unstructured data (Open Al 2023).

Plugin integration also unlocks more visualization, automation of workflows and
analytical enhancements for GPT-4. All in all, its underlying architecture seems
more suited to an adaptable setup for different industrial domains and use cases.

Feature GPT-3.5 GPT-4
Data sources Text-based Multimodal (text, images, audio)
.Plugms .zmd Limited integration More seamless analytics plugins
integrations
Structured data . s Advanced SQL and relational
. Basic capabilities .
analysis understanding
Unstru.ctured data Basic NLP Richer semantic understanding
analysis
Creative ideation Limited generation Improve?d abstraction and insight
connections
Personalization Minimal beyond prompts More adaptable to different fields
R . Slightly improved, but still
Explainability Opaque logic limited

Table 6.3. Performance of GPT-3.5 and GPT-4 for data analytics

Of course, GPT-4 presents definite advances for data analytics. Nevertheless,
challenges remain as to the interpretability of its reasoning and the limits of its
contextual understanding. Despite its enhanced capabilities, human cognition
remains relevant to judiciously guide this emerging Al. Although limitations remain,
this evolution testifies to ChatGPT’s continuing potential. Our quest to develop
trustworthy AI must therefore progress hand in hand with the advancement of
technical capabilities.

Essentially, ChatGPT equips organizations with powerful tools, but it is the fusion
of human governance that cements quality control. For example, ChatGPT can
rapidly test models to detect bias. But analysts must determine appropriate checks and
thresholds based on standards and risk appetite. ChatGPT can simulate hypothetical
scenarios, but strategists need to develop relevant cases reflecting potential futures.



100 Automated Data Analytics

ChatGPT can quantify uncertainties, but governance teams need to define
transparency standards.

This collaboration capitalizes on the scalability of Al, enhancing modeling
capabilities while simultaneously integrating accuracy, ethics and relevance of the
real world through the prism of human guidance. The partnership between Al and
human expertise manifests itself as a driving force behind sustainable value creation
resonating in the fields of data-driven decision-making.

6.3. Continuous improvement: optimizing model capabilities through
feedback loops

Have you ever considered the precise essence of continuous improvement? It is a
systematic approach to identifying ways of streamlining processes and minimizing
inefficiencies. Continuous improvement is a fundamental principle that drives the
evolution of processes and products.

One of the key driving forces of continuous improvement lies in harnessing the
power of data and analysis.

Within the domains of each organization, a vast repository of data covers diverse
facets, encompassing financial records, sales metrics, supply logs, investments,
workforce management, projections and so on. This wealth of information gives
companies a remarkable potential for extracting meaningful insights regarding their
operations, and transforming raw data into lucrative opportunities. There is no doubt
that data analytics enables organizations to make informed decisions, a fundamental
benefit of this analytics-driven business era (McAfee and Brynjolfsson 2011;
McKinsey 2016).

Reflecting on historical data and the use of statistical methodologies proves
extremely valuable, particularly when it comes to discerning the superior course of
action between alternatives. However, the real significance is amplified when we
look at the ongoing monitoring and impact assessment, revealing the repercussions
these decisions create on the operational landscape.

A significant proportion of operations and choices involve patterns of
repeatability. Let us consider the case of establishing an optimal stock level using
historical data — a model can be formulated to determine the ideal stock level. This
same model can then be reapplied to assess the current state of the stock and monitor
results over time.
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Keeping a watchful eye on results is not just a matter of validating the accuracy of
these models and tools. It extends to ensuring their ongoing relevance and effectiveness,
by encouraging the necessary adaptations in response to evolving business needs. This
perpetual cycle of review, refinement and adaptation is at the heart of continuous
improvement, making organizations agile and resilient in the face of change.

In the dynamic field of machine learning, the concept of continuous improvement
manifests itself in an iterative path of refinement, ensuring that models not only meet
the initial reference criteria, but progress continuously to meet changing needs.

At the heart of this journey is the process of collecting feedback. This stream of
feedback emanates from a variety of sources, each providing unique insights into a
model’s performance and relevance. Measures such as model accuracy, performance
on validation data and real-world user experience all contribute to the mosaic of
information that guides the path to improvement. Furthermore, domain experts play a
central role in providing nuanced perspectives, further enriching the feedback loop.

Armed with this feedback, the next step is to identify opportunities for
improvement. This is an essential step in model optimization and may involve
retraining with new, more relevant data, adjusting model parameters and even
redesigning the architecture to adapt to changing needs. This iterative process
ensures that models remain aligned with the evolving data landscape and dynamic
business requirements.

The importance of improvement in the context of machine learning is vast and
far-reaching (Bishop 2006). It has the potential to strengthen the very basis on which
models are built:

— Higher accuracy and reliability: as models are continually refined, their
accuracy and resilience increase, ensuring that they consistently meet or exceed
performance standards.

— Unleashed efficiency: the timely identification and resolution of bottlenecks or
performance gaps ensures that models work more efficiently.

— User-centric  orientation: user feedback, combined with iterative
improvements, leads to models that are better adapted to user needs, promoting a
transparent and efficient user experience.

— Nurturing trust. by visibly investing in continuous improvement,

organizations nurture user trust in the reliability and pertinence of their models.

As the continuous improvement journey continues, it also requires a
well-designed approach:
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— Incremental progress: starting small and building gradually enables targeted
improvements without disrupting the wider process.

— The power of iteration: recognizing that transformation takes place over
several iterations means we cannot expect overnight transformations.

—Data as a North Star: data-driven insights serves as a compass, guiding
improvement decisions and tracking progress.

— The collaborative advantage: involve stakeholders, users and experts in the
process harnesses collective wisdom to guide the journey towards refinement.

Essentially, continuous improvement of machine learning transcends mere theory;
it forms the foundation of a dynamic and responsive machine learning ecosystem.
Thanks to this process, models remain adaptive, relevant and impactful, closely
aligned with real-world dynamics and realizing their full potential.

In the dynamic AI landscape, keeping systems accurate and relevant is a
perpetual challenge, as constantly changing conditions inevitably lead to
performance erosion. ChatGPT can support the continuous improvement fueled by
data analysis, in the following ways:

— quickly processing and summarizing historical data to discover insight;

—automating core analytical tasks such as data cleaning, aggregation and
statistical modeling;

— prototyping analytical models for forecasting, optimization, etc.;

— backtesting models on historical data to assess accuracy;

— continuously monitoring live data and model outputs to detect deviations;
— promptly retraining models on new data when a drift is detected,;

— allowing rapid iteration and testing of model improvements;

— generating explanations and metrics that reinforce confidence in the model’s
output;

— helping data analysts focus on high-added-value interpretation and oversight.

In order to ensure sustainable value and to keep up with these changing
dynamics, it is imperative to foster a culture and establish an infrastructure that
supports continuous model optimization. In this context, ChatGPT’s role evolves
from that of a simple tool to that of a catalyst for continuous improvement processes.
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A crucial element in this undertaking is the diligent monitoring of the model
performances, as a safeguard against any deterioration:

— Continuous assessment of the accuracy of predictions on live data streams
serves as an early indicator of deviations from acceptable thresholds.

— Data validation routines play a crucial role in identifying disparities between
production and training data, exposing gaps that require attention.

—Regular bias audits highlight any biased results, enabling timely corrective
action.

By actively monitoring models, potential pitfalls are identified early, enabling
prompt intervention before minor hiccups snowball into larger problems.

At the heart of continuous improvement is the essential integration of feedback,
encompassing both explicit and implicit inputs, into the refinement process. Customer
feedback, whether in the form of corrections or replacements, provides valuable
insights that feed back into model retraining and improved accuracy. Evaluations of
predictions by domain experts, accompanied by their annotations, contribute directly
as signals for improvement. In addition, user behaviors, such as adoption and
abandonment patterns, offer subtle yet powerful implicit feedback, providing insight
into evolving needs (Sedkaoui 2018a). This interaction of complex real-world
feedback lends practical experience to models, ensuring that enhancements remain
responsive to real-world demands and aligned with practical requirements.

This real-world feedback loop infuses the models with practical experience,
ensuring that improvements are aligned with real-world requirements.

The next steps involve retraining the models using the insights derived from the
feedback. The data analytics teams use ChatGPT to speed up the iterative process,
using new data to improve models. Updated models are then subjected to rigorous
testing before finally being deployed to end-users.

With thought-out workflows, loops such as new data source— monitoring—
feedback— re-training— deployment become ingrained. ChatGPT’s speed radically
accelerates this training effect. Here, ChatGPT’s accelerated capabilities become
essential to reinforcing this flywheel effect, radically accelerating the improvement
journey.

Here is an example of how ChatGPT can help anchor improvement workflows
based on feedback.
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A retailer has a machine learning model that predicts customers’ willingness to
purchase. To maintain accuracy, they establish this workflow:

— New data source: daily sales data are uploaded to their data warehouse.

— Monitoring: every week, an automated script tests the accuracy of the model
on new data.

— Feedback: if accuracy falls below 95%, an alert triggers the analysis team to
examine a sample of errors.

— Re-training: the team uses ChatGPT to quickly retrain the model on new data
using natural language prompts.

— Deployment: the updated model is seamlessly redeployed to replace the old
version via an API call.

This automation allows rapid iteration to maintain accuracy. Analysts leverage
ChatGPT’s speed to retrain models in minutes rather than days. Minimal overheads
make the process sustainable. Over time, the continuous loop of new data to assess
performance, gather feedback and improve models via ChatGPT conversations
becomes an ingrained practice for maintaining optimal predictions.

Continuous improvement through continuous feedback loops is crucial to
maintaining model accuracy and relevance over time. ChatGPT can accelerate and
improve this iterative process, but thoughtful design is required to extract maximum
value.

Rigorous monitoring provides the basis for detecting declines in accuracy, data
drift or the emergence of biases that signal the need for model updates. ChatGPT
rapidly processes new data to promptly flag up these problems.

It is equally important to gather qualitative feedback from experts and end-users
to identify limitations and opportunities based on their experience. ChatGPT can help
collect and synthesize this human feedback through large-scale natural language
conversations.

Equipped with rich monitoring insights and human perspectives, analysts can
then leverage ChatGPT’s speed to retrain models using the latest data and user input.
This enables rapid iteration and deployment improvements.

When integrated into streamlined workflows, this feedback-driven flywheel effect
can continuously optimize model performance and user value over time, through
incremental improvements. Monitoring provides signals to trigger improvement,
humans provide the strategic direction and ChatGPT accelerates iteration.
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So, the crux of this complex mechanism lies in establishing a symbiotic
relationship between end-users and models. Continuous improvement, fueled by
robust feedback loops, gives rise to intelligent systems capable of evolving. As a
result, these systems not only adapt to changing conditions but also ensure that
accuracy and relevance persist over time, cementing their value and impact.

6.4. Trend and time series analysis

IBM’s report on generative Al (2023) highlights several ways in which these
models are transforming data analytics capabilities. Firstly, generative Al has
enormous data requirements, so responsible data analytics requires
interorganizational collaboration to feed models. According to the report, 60% of
companies currently do not have a coherent approach to managing generative Al and
associated data.

Companies that have made the transition to a hybrid cloud data infrastructure are
better placed to exploit generative Al, as this requires holistic data strategies. Leaders
also see opportunities to accelerate data sharing with partners via generative Al
enhancing collective insights. However, unifying siloed data requires alignment with
business objectives and remains an ambitious project.

Next-generation data tools, such as automation and marketplaces, can help
organizations ingest, prepare and analyze huge volumes of structured and unstructured
data for Al systems (Sedkaoui 2023). Robust data governance practices are essential,
given the vast datasets accessed by core models, including collection, storage,
access, processing and security protocols.

Time series models can specifically combine powerful temporal analysis with
flexible generative techniques to improve forecasting, planning and decision-making.

Already, the use of techniques such as trend analysis and time-series analysis is of
prime importance in the domain of improving business performance. These
methodologies enable companies to make informed decisions, streamline operations
and improve the quality of customer service. The profound impact of these tools on
overall efficiency and effectiveness cannot be overestimated.

Trend forecasting offers a window onto the future, enabling companies to
anticipate changes in demand, market dynamics and consumer preferences. This
foresight is invaluable for developing strategies, allocating resources and staying one
step ahead of the competition. Furthermore, time series analysis delves deep into
historical data to extract patterns, cyclical behavior and seasonality. Armed with this
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understanding, companies can identify underlying performance drivers and optimize
strategies to take advantage of them.

Time series data are ubiquitous in all sectors, whether financial data, sales trends,
web traffic, sensor readings, etc. The analysis of these temporal data holds enormous
potential for monitoring performance, discovering drivers and predicting future results.

However, as with any method, responsible use of these techniques is essential. It
is essential to maintain the focus on ethical considerations and user comfort. By
adhering to these considerations, companies not only exploit the potential of advanced
analysis but also cultivate an environment of professionalism and integrity. The
integration of forecasting and time series analysis reflects a commitment to
leveraging technology for both operational excellence and ethical conduct.

In addition to predictive modeling, ChatGPT shows promise for these techniques.
This ability to process vast volumes of information on a large scale meets the arduous
demands of data processing (Sedkaoui and Gottinger 2017; Sedkaoui 2018b),
enabling companies to extract meaningful insights from their datasets. ChatGPT
accelerates statistically intensive tasks such as:

— decomposing down time series into trend, seasonal and noise components;
— stationarity and autocorrelation testing;

— detecting change points and concept drift;

— identification of cyclical/seasonal patterns and lagging relationships.

This allows data analysts to focus on strategic interpretation rather than
mechanical statistics.

Analysis task atG apability
] L T T

. Quickly calculate moving averages and smoothing
Trend extraction
trends
Seasonality testing Perform autocorrela.ltion functic.m (ACF) plots to
quantify seasonality
Methods such as sliding windows to identify

Change detection
& changes in distribution

Figure 6.1. ChatGPT’s capabilities for time series analysis
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Time series analysis is a robust methodology used to examine historical data and
forecast future trends. ChatGPT, with its dexterous computational skills, simplifies
and accelerates the workflow by automating the laborious tasks of pre-processing,
model fitting and prediction.

ChatGPT also excels at automatically analyzing time series data to discover
seasonal patterns, autocorrelations, stationarity and other statistical properties
(Sedkaoui 2023). This provides a better understanding of how metrics are evolving.
For example, data analysts can prompt ChatGPT to assess trends and noise in time
series datasets as a precursor to modeling. Al handles the heavy lifting of statistics
while humans interpret the insights.

ChatGPT is certainly capable of supporting the generation of Python or R codes,
performing time-series forecasting using Prophet, assisting in debugging application
errors and managing intermediate data processing steps. Data analysts can then
integrate available prospective indicators, event data and subject matter expertise to
fine-tune forecasts as required. ChatGPT also enables rapid iteration on different
simulation scenarios.

For example, they can forecast vacation sales based on past trends and seasons,
then modify them based on known promotions, campaigns and market conditions.

For forecasting, ChatGPT offers a head start in:

—rapidly training predictive models, such as ARIMA and Prophet, on historical
data;

— benchmarking the performance of different algorithms to select the best fit;

— generating multivariate models incorporating various predictors.

Data analysts then adjust the raw forecasts by applying their judgment and
domain expertise. This balances automation with human oversight. So, it is essential
to recognize that although ChatGPT emphasizes competence in several tasks, it may
encounter challenges when faced with complex problems that require specialized
knowledge or innovative solutions.

Therefore, the role of data scientists remains essential to exploit ChatGPT’s
potential. They serve as architects of the data mining process, defining clear
objectives and contextualizing the results within the business landscape. Their
interpretation bridges the gap between raw analytical results and actionable insights,
ensuring that anomalies flagged by the system are subject to scrutiny before they
lead to erroneous conclusions. Additionally, human judgment is used to align
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forecasts with strategic objectives and identify relevant factors in time series
analyses, basing the information on real-world relevance.

Well-tailored prompts are the cornerstone of effectively using ChatGPT
capabilities in time series data analytics. The provided prompts serve as strategic
entry points into the analysis process. Asking questions that revolve around trends,
correlations, opportunities, risks, impacts and insights in time series data, users can
guide ChatGPT’s computational prowess towards uncovering hidden patterns and
valuable information. These prompts act as navigational beacons, directing the Al to
specific aspects of the data that are important to the users’ goals.

The dynamic nature of time series data presents both challenges and
opportunities. While the temporal dimension allows the observation of trends and
changes over time, it also requires a comprehensive understanding of the context
surrounding the data points. This is where collaboration between human expertise and
the analytical capabilities of ChatGPT becomes essential. The human touch ensures
that nuances, contextual variations and business implications are factored into the
analysis, elevating the insights to actionable recommendations.

However, human—AlI collaboration is not without its challenges. The prompts
provided must be carefully designed, ensuring that they correspond to the specific
context of the data and the objectives of the analysis. Although ChatGPT can process
data quickly and accurately, it relies on accurate prompts to deliver meaningful
results. While the field of Al continues to evolve, refining the interaction between
human input and Al output remains a continuous process.

The collaboration between ChatGPT and data analysts does not stop at
interpretation; it extends to validation. Data analysts use experimental design
principles and team strategies to challenge and test the recommendations issued by
ChatGPT. This safeguard not only prevents uncritical acceptance of Al results but
also helps minimize potential risks and errors.

Since we have explored strategies and best practices for developing, optimizing
and governing predictive models with the help of ChatGPT, we now, in
Chapter 7, take a closer look at how this intelligent generative Al agent can be
applied to improve and develop specific machine learning techniques and
algorithms. Let us explore these potentials for advancing the state of the art of Al
through human/AlI collaboration.



I

ChatGPT at the Service
of Machine Learning

In Chapters 3, 4, 5 and 6, we explored the applications of ChatGPT for tasks such
as data preparation, natural language querying, augmented analysis and predictive
modeling. However, the implications extend beyond end-user tools to accelerate the
very practice of machine learning research and development.

This chapter shows how generative Al can collaborate with machine learning
algorithms, with the help of human intervention, to improve existing techniques and
stimulate new innovations.

In this chapter, we discuss high-impact applications, including the use of
ChatGPT’s ideation capabilities for exploring new model and algorithm
architectures for the use of code generation to rapidly prototype conceptual models,
the optimization of technical workflows and the combination of generative Al and
procedural machine learning for new hybrid approaches. Finally, we look at how
intuitive conversational interfaces democratize access to advanced machine learning.

The common theme is to augment human ingenuity with Al capabilities to
advance the state of the art and bring new potential to life faster. Just as domain
experts can achieve more with the assistance of Al, so too can users of machine
learning algorithms, which can also be multiplied by the power of conversational
interfaces.

By collaborating with tools like ChatGPT, the machine learning community can
open up new horizons of possibility and solve complex real-world problems once
considered unsolvable.
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7.1. Machine learning in the functional fabric of ChatGPT

Machine learning (ML) is emerging as a transformative facet of Al, granting
software applications the remarkable ability to improve predictive accuracy without
the need for explicit programming. This discipline exploits the potential of datasets
to improve algorithms. A compelling facet of machine learning lies in its foundation
on advanced models that facilitate prediction (Mitchell 1997) and decision-making
with minimal involvement from the human programmer.

These models operate through complex layers called “transformer blocks” which
analyze the sample data and autonomously decipher the models to produce the
desired outputs. At their core, machine learning algorithms exploit historical data as
input, and then generate predictions for new output values, an embodiment of data-
driven intelligence.

ChatGPT itself uses a combination of machine learning techniques in its
underlying generative architecture (Gutierrez 2015). It is leveraged for the machine
learning domain, drawing on a vast corpus of datasets that underpin its capabilities.
In this field, a multitude of language models converge, giving ChatGPT the
remarkable ability to generate human-like conversations.

The architects behind ChatGPT seamlessly combine the strengths of supervised
and unsupervised learning, a synergy that enriches the chatbot’s learning experience
and enhances its performance. This fusion embodies dynamic interaction, making
ChatGPT’s results ever more refined.

ChatGPT wuses the principles of supervised learning, where input—output
relationships are explicitly defined and models are refined using labeled datasets.
These algorithms then use this knowledge to predict the outcomes of new and novel
inputs. In this training program, ChatGPT uses a strategy known as reinforcement
learning from human feedback (RLHF).

The RLHF application is integrated into the architecture of ChatGPT as a subset of
machine learning techniques designed to improve the conversational prowess of Al
language models. Thanks to a feedback loop continued with human trainers, ChatGPT
learns to distinguish between correct and incorrect responses, effectively shaping its
conversational behavior.

The adoption of RLHF in ChatGPT serves as a channel for developing responses
that resonate with human interaction. This iterative evolution involves supervised
fine-tuning, where human Al trainers participate in dialogues embodying both user
and Al assistant roles.
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Within its repertoire, ChatGPT also capitalizes on unsupervised learning, a
paradigm that unlocks patterns in data lacking explicit guidelines for desired
outcomes.

In the unsupervised learning context, Al is primed to discover patterns by
discerning similarities and disparities in the data. This enables Al to develop precise
answers for tasks such as exploratory analysis, image segmentation and the
identification of analytical patterns.

ChatGPT’s unsupervised framework encompasses three main learning
methodologies: clustering, association rules and dimensionality reduction.

Clustering, an essential data mining technique, groups unlabeled data according
to their similarities or disparities. ChatGPT’s algorithms verify these patterns,
categorizing unsorted data into distinct clusters that embody inherent patterns and
structures. Exclusive clustering, overlay clustering, hierarchical clustering and
probabilistic clustering are among the key clustering algorithms that shape
ChatGPT’s prowess.

At the same time, ChatGPT incorporates association rules — a rule-based
approach that reveals connections between variables within a dataset. This technique,
often used in market basket analysis, enables companies to discern interrelationships
between various items, optimizing cross-selling strategies and recommendation
engines. The annals of association rule generation include estimated algorithms such
as FP-Growth, Apriori and Eclat.

For datasets characterized by an abundance of dimensions, ChatGPT makes
skillful use of dimensionality reduction. As data proliferate, accuracy increases, as
does the complexity of machine learning algorithms, which often complicates data
visualization. To counter this, ChatGPT uses dimensionality reduction in its
unsupervised framework, keeping the volume of data manageable while preserving
the integrity of the dataset.

In essence, ChatGPT harmonizes the duality of supervised and unsupervised
paradigms in the field of machine learning. This fusion enables the Al chatbot to
distill the complexities of data, providing optimal responses to queries and prompts,
while cultivating a dynamic synergy between Al capabilities and human ingenuity.

Table 7.1 summarizes the symbiotic relationship between machine learning
algorithms and ChatGPT.
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Algorithms How does ChatGPT How can they use ChatGPT?
use them?
Supervised Task-specific fine-tuning using | ChatGPT can provide labeled
learning labeled data datasets for training models
Unsupervised Pre-training on unlabeled ChatGPT can assist n
learnin corpora to learn patterns clustering and analyzing
ea g P p unstructured data
Reinforcement Optimizing conversational ChatGPT can provide a
emto c.e ¢ skills with human feedback conversational environment for
learning

rewards

testing agent policies

Neural networks

Basic transformer architecture

ChatGPT can suggest new
network architectures for
testing

Attention Used in its transformer ChatGPT can explain how
mechanisms architecture attention works
. Knowledge can be transferred
Learning Takes advantage of pre-trained wieds
. from ChatGPT to downstream
transfer parameters for fine-tuning

models

Table 7.1. ChatGPT and machine learning algorithms:
a virtuous circle of co-advancement

As shown in Table 7.1, ChatGPT combines several machine learning techniques
in its design while providing a collaborative tool for advancing machine learning
research and engineering lifecycles. The synergistic relationship leads to amplified
capabilities on both sides.

In practice, elements of several approaches are often combined. For example,
unsupervised learning can be used to extract features, followed by a supervised
model for prediction. The diversity of algorithms offers the flexibility needed to
adapt solutions to different machine learning tasks and real-world data types.

ChatGPT’s strength lies in its prowess in maneuvering these shifts in tone and
style, rooted in its vast exposure to a diverse dataset. Its proficiency is further
enhanced by machine learning, which enables it to decipher the complex grammatical
underpinnings of language. This ability, fueled by machine learning, enables
ChatGPT to harness algorithms to create output that resonates with human-like
fluency.
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Consequently, the symbiotic relationship between machine learning and
ChatGPT’s evolution underlines the trajectory towards strong Al. Machine learning
is essential in ChatGPT’s journey to capture the nuances of language, discern
patterns and improve its performance over time.

7.2. Creating new machine learning approaches with ChatGPT

The importance of machine learning approaches extends to multiple dimensions.
First and foremost, they serve as essential allies in improving corporate decision-
making (Sedkaoui 2018a; Rich and Gureckis 2019). By mining historical data,
machine learning algorithms reveal complex patterns and elusive trends that escape
manual identification. These insights serve as powerful catalysts for decision-
making, in fields ranging from product innovation to the orchestration of strategic
marketing campaigns.

However, the power of these algorithms transcends mere decisional prowess. It
resonates profoundly with increased operational efficiency. Thanks to the
automation of tasks such as fraud detection and customer segmentation, machine
learning algorithms are freeing employees from time-consuming tasks.
This paves the way for strategic pursuits, propelling companies towards greater
efficiency and productivity. The dividend of automation is undeniably
transformative as it redirects human cognitive bandwidth from routine tasks to
endeavors that require creativity, innovation and high-level strategy (Toubia and
Netzer 2016).

Machine learning algorithms can be broadly classified according to their learning
style into supervised, unsupervised, semi-supervised and reinforcement learning
approaches.

Supervised learning algorithms train models to deduce a target output based on
examples of labeled input—output pairs. Classification models, such as logistic
regression and random forests that predict discrete targets and regression models
that predict continuous values, are common supervised methods.

Unsupervised learning finds hidden patterns and intrinsic structures in
unlabeled input data (Radford 2018; Sedkaoui and Khelfaoui 2020). Clustering
algorithms, such as k-means, which group data into distinct segments, and
dimensionality reduction techniques, such as principal component analysis (PCA),
are unsupervised.
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Semi-supervised learning combines a small set of labeled data with a larger
unlabeled set during training to improve model performance. This uses unlabeled
data while avoiding excessive manual labeling requirements.

Reinforcement learning trains models to optimize behavior in complex
environments based on a system of given rewards and penalties for actions
rather than on labeled examples. Game-playing Als often use reinforcement
learning.

The applications of machine learning extend to various facets of our daily
lives. Take, for example, the case of Google Search and other search engines
that use machine learning for predictive search and autocomplete features (Sedkaoui
2018a).

In the context of autocomplete, a simple input of initial letters prompts the search
engine to present a drop-down menu of potential matches. This feature, launched by
Google, has now become ubiquitous among search engines. In addition, companies
such as Amazon, Flipkart and Spotify have integrated autocomplete features on their
websites.

Predictive search, a facet of machine learning, aligns with autocomplete. It relies
on algorithms developed from user behavior analysis, enabling it to predict user
actions. Netflix is an excellent example of this approach, as it studies the viewing
habits of active users to glean insights about their preferences, then providing
personalized recommendations.

ChatGPT’s potential for optimizing model performance through similar
procedures is remarkable. In the context of machine learning, ChatGPT can
streamline autocomplete and predictive search functionalities (Wiles 2023). In doing
so, it can improve the efficiency and accuracy of these features, as well as the way
they are used in other applications such as improving business workflows, customer
service interactions and content generation.

One of the most promising applications of large language models like ChatGPT is
collaboration with humans to design innovative new approaches for solving complex
machine learning problems. ChatGPT has demonstrated a creative potential that can
enhance the ideation process in exploring uncharted territories.

A key advantage is ChatGPT’s ability to digest details about the current state of
research, data characteristics and task objectives and then propose new model
architectures or algorithmic modifications adapted to the use case.
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For example, data scientists could describe the limitations of convolutional
networks for processing 3D medical imaging data, and prompt ChatGPT to suggest
alternative approaches that might excel with volumetric inputs. ChatGPT may
propose ideas such as extending 2D convolutions to 3D, or using voxel-based
encoders to integrate spatial relationships.

Data analysts can actively discuss the merits, variations and combinations of
different conceptual models interactively with ChatGPT via multiple prompts. This
fuels new hybrid techniques combining the strengths of existing methods. By
externally explaining its natural language creation process (Hilton et al. 2021;
Tamkin et al. 2021), ChatGPT enables data analysts to guide and align innovation.

As shown in Table 7.1, it is clear that ChatGPT offers immense potential for
optimizing and accelerating applied machine learning processes, including data
processing, model creation and machine learning engineering.

For data preparation, ChatGPT can automate the core steps, such as data source
linking, cleaning, pre-processing and feature engineering based on natural language
prompts. This provides a head start before modeling.

In model building, ChatGPT can rapidly prototype an array of machine-learning
algorithms with configurable hyperparameters. This facilitates comparison and the
selection of the optimal approach. ChatGPT can also explain model performance and
behavior to support tuning.

For machine learning engineering, ChatGPT can generate boilerplate code for
pipelines, workflows and monitoring systems that experts refine rather than create
from scratch. It can also provide explanations and documentation.

Throughout the lifecycle, ChatGPT enables experts to operate at a higher level of
abstraction, while Al manages time-consuming execution based on conversational
input. This amplified productivity and speed unleashes new potential in applied
machine learning. The future of machine learning engineering lies in the
collaboration between human and Al strengths.

So, although they form the basis of ChatGPT itself, machine learning algorithms
have much to gain from the features such as intuitive interfaces, automated coding,
and mixed-initiative creativity that generative Al offers. ChatGPT promises to take
machine learning applications to the next level.
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The use of ChatGPT makes the process of creating a machine learning project
more transparent than ever. By creating follow-up prompts and evaluating the outputs,
data analysts can effectively train the model to meet user queries and provide
valuable insights with ease and speed.

Over time, libraries of candidate architectures and algorithms can be accumulated
by prompting ChatGPT to generate models for various types of data and machine
learning challenges. This code base of launch points accelerates future ideation and
experimentation.

By essentially expanding the brainstorming team, ChatGPT has the potential to
dramatically expand the creative reach of data analysts and the rates of proposal,
analysis and prototyping of new techniques. This accelerated innovation cycle will
open up new horizons for machine learning capabilities.

7.3. Boosting machine learning algorithms with ChatGPT

Once new machine learning approaches have been conceptualized, translating
the ideas into executable code has traditionally imposed a considerable
implementation burden (Sedkaoui and Khelfaoui 2020). Coding of complex
neural architectures from scratch can take weeks for data scientists in their machine
learning approach. However, large language models like ChatGPT show
revolutionary potential for automating this programming work through natural
language code generation.

Rather than painstakingly coding new models, they can describe
model specifications, data flows and algorithms in plain language. ChatGPT can
then generate complete modules and prototypes in languages such as Python,
TensorFlow and PyTorch. For example, data analysts can specify the structure of an
attention-based RNN model for processing sequential data. ChatGPT can generate
executable code implementing the described architecture.

This enables a rapid transition from ideation to implementation, bypassing the
heavy burden of manual coding. Other ideas can be empirically tested in parallel. And
iterative adjustments are much quicker as results come in. Prototypes serve as
functional starting points for data scientists to customize them, rather than creating
them from scratch. Over time, libraries of reusable modules can accumulate for
common machine learning building blocks.
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By automating the routine aspects of programming, generative Al frees human
specialists from machine learning to focus on strategic engineering and impactful
innovation with regard to mechanical coding. This triggers a wave of experimentation
and applications amplifying engineering productivity. Their future role will be to
collaboratively guide Al tools to execute technically while solving real-world
problems. This cooperation between human and Al strengths will open up new
frontiers of possibilities for machine learning.

While generative Al such as ChatGPT is already demonstrating considerable
potential for machine learning applications, the implications extend deeper into the
formation of the practice itself and advances in the research and development of
machine learning. In particular, two high-impact capabilities stand out.

7.3.1. Optimizing machine learning engineering

ChatGPT demonstrates deep technical knowledge on subjects such
as model architectures, data engineering, machine learning engineering and
cloud-based machine learning algorithm infrastructure. This knowledge can be
applied to optimize machine learning workflows and machine learning engineering
systems.

For example, data analysts can describe their model training pipeline and ask
ChatGPT to suggest optimizations such as distributed training approaches,
hyperparameter tuning tools and debugging techniques. For production
models, ChatGPT can suggest monitoring solutions, data validation checks and
retraining rates.

Essentially, it provides a machine-learning consultant, always available to answer
questions, generate boilerplate code and ensure best practices. This boosts
productivity.

7.3.2. Hybrid model innovation

Furthermore, ChatGPT is particularly well placed to combine the strengths of
different modeling paradigms into new hybrids. For example, it may suggest
integrating the semi-supervised knowledge representation capabilities of graph neural
networks with the sequential prowess of LSTMs, or combine deep learning
architectures with probabilistic graphical model elements.

Combining the advantages of several techniques is a promising direction for
advancing capabilities. By encoding knowledge in machine learning sub-domains,
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ChatGPT can synthesize creative hybrid combinations fed by both human-organized
expertise and its own emerging connections.

This two-pronged approach of optimizing engineering while innovating in the new
frontiers of modeling demonstrates ChatGPT’s expansive potential to multiply the
productivity of data analysts in their automatic learning approach. It is both a
collaborator and a force multiplier.

ChatGPT’s mastery of machine learning concepts and algorithms enables it to
act as an always-available optimization assistant. It provides both strategic advice
and automates routine tuning tasks that would be tedious and time-consuming for
human engineers.

As shown in Table 7.2, one important application of generative Al lies in its
ability to improve the performance and efficiency of machine learning algorithms
through collaborative interaction between data analysts and Al. ChatGPT plays a
crucial role by acting as a readily available machine learning expert, offering
assistance to data analysts in refining their models.

Machine learning

s ChatGPT’s role
optimization approach

Identify optimization Suggest improvements based on model architecture, data
opportunities and performance

. Suggest model architectures and generate code for rapid
Architecture research £e & P

prototyping
. Automate simulations to find optimal parameter
Hyperparameter tuning o
combinations
Data augmentation Recommend techniques to extend limited training data
Adaptive learning Detect data drift and retrain models with new data
Continuous re-training Detecting drifts and re-training models with new data

Advise on techniques, such as pruning and quantification,

Efficiency improvements . .
y mp to optimize speed and size

Table 7.2. Boosting machine learning performance with ChatGPT

They can engage with ChatGPT to describe their model architecture, data
characteristics and performance metrics, seeking commands for potential optimizations
in terms of accuracy, speed or computational efficiency (Sedkaoui 2023). For example,
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ChatGPT can provide suggestions such as adjusting loss functions, applying
regularization techniques, incorporating additional layers or attention mechanisms into
the model architecture and modifying optimization algorithms according to specific
objectives, data characteristics and ongoing model results.

Furthermore, ChatGPT’s capabilities extend to automating the hyperparameter
tuning process. By describing the search space, constraints, model choices and success
criteria, data analysts can instruct ChatGPT to generate and evaluate various
hyperparameter combinations to optimize model performance. Rapid simulations run
by ChatGPT identify optimal configurations, streamlining the hyperparameter tuning
process.

In the area of continuous retraining, as new data become available, ChatGPT
serves as a quick resource for analysts, facilitating rapid model retraining and
evaluation of results. It helps to determine whether further fine-tuning is required,
enabling adaptive adjustments to adapt to changing data patterns. Thanks to its real-
time advice, automation capabilities and iterative nature, it empowers data analysts
to proactively refine their machine learning algorithms, enhancing their efficiency.
Collaborative exchanges with ChatGPT lead to exponential improvements in the
optimization of machine learning solutions.

Architecture research is another area where ChatGPT demonstrates its
potential. By allowing analysts to describe their problem statements and objectives,
ChatGPT can suggest various model architectures, connectivity patterns and
layer configurations for experimentation. It goes even further, generating code snippets
for the best candidates, speeding up the prototyping and comparison process.
This broadens the spectrum of design possibilities that data analysts can effectively
explore.

Data augmentation, a crucial technique for enriching model training, also
benefits from ChatGPT’s involvement. In image data scenarios, ChatGPT suggests
augmentations such as rotations, cropping and color changes tailored to the specific
problem. For textual data, it recommends strategies such as paraphrasing, back-
translating and mixing several samples, thus improving the diversity and robustness
of the training dataset.

In the context of adaptive learning, ChatGPT’s contributions extend to detecting
unfavorable data drifts and facilitating rapid model retraining to adapt to emerging
patterns. This continuous learning mechanism guarantees sustained accuracy and
relevance of machine learning solutions.
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Finally, ChatGPT’s ability to suggest efficiency improvements, including
techniques such as distillation, pruning, quantization and optimized encodings, adds
to its versatility as an optimizer. These recommendations focus on improving model
speed, size reduction and optimization of resource use, while preserving the accuracy
of performances.

All of this amplifies both productivity and performance — enabling analysts to
actively improve model accuracy, robustness and efficiency through iterative
collaboration looping human monitoring and Al execution. By combining their
strengths, organizations can create optimized machine learning solutions that
dynamically learn and adapt to changing real-world conditions.

7.4. Enhancing the potential of machine learning algorithms with
ChatGPT

Supervised and unsupervised machine learning present two distinct paradigms in
the field of Al, each offering unique advantages and trade-offs. These algorithms
have the ability to acquire knowledge from large datasets or real-world observations
(Sedkaoui 2018a). Since these datasets come from a variety of sources and in a variety
of forms, their analysis can be more or less complex. It is this complexity that gives
these algorithms the ability to teach a machine without the need for explicit
programming (Samuel 1959).

Machine learning algorithms identify specific patterns that facilitate the learning
process. This identification is closely linked to the various phases of data analysis
which we have examined in depth in previous chapters. Observed from this angle,
this categorization of algorithms can be divided into two main families (Sedkaoui and
Khelfaoui 2020): supervised algorithms which discern results and facilitate learning
by searching for patterns within a dataset whose characteristics are known, and
unsupervised algorithms that process input data devoid of predefined class structures.

A wide range of techniques fall into these two categories and can be mobilized
for data analytics. We present the most commonly used algorithms in Table 7.3.
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. : . Problem ChatGPT
Analysis Techniques Learning mode
to be addressed Role Example
Simple/multiple . . Automate feature Suggest features to predict customer
. Supervised Regression . .
regression engineering churn based on these data
. . . . Identify missing or . . .
Naive Bayes Supervised Classification Identify data errors in a training set
erroneous data
. . . . . Suggest data Recommend data transformations to
Logistic regression Supervised Classification £8 . .
transformations obtain a better model fit
Simple ) o .
Linear discriminant . . Generate code for Provide a Python code template for
. Supervised Clustering . . .
analysis rapid prototyping this model
. . Interpret and name Summarize the key traits of each
K-means Unsupervised Clustering P . y .
clusters group in the analysis
Hierarchical . . Interpret and name Summarize the main features of
. . Unsupervised Clustering . .
classification clusters each cluster in this analysis
.. . Classification/ Optimize Optimize model hyperparameters to
Decision trees Supervised . P P ce’ yperp
regression hyperparameters maximize accuracy
. Classification/ Generate synthetic Generate new training samples for
Random forests Supervised . Y & P
regression data the unbalanced dataset
Complex
Suggest model Propose SVM kernel types for the
Support vector . Classification/ architectures and text classification task, and tune
Supervised . .. L.
regression optimize SVM regularization kernel

machine (SVM)

hyperparameters

parameters
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: : . Problem ChatGPT
Analysis Techniques Learning mode
to be addressed Role Example
. Classification/ . .. Explain the neural network’s
Neural networks Supervised . Explain predictions pLam . .
regression classification decisions
. . Classification/ . . Detect potential outliers in
K nearest neighbors Supervised . Identify outliers P ..
regression training data
Classification, . .
. . O Analyze dependencies Assess dependencies between
Bayesian networks Supervised probabilistic . . .
- between variables variables in the dataset
prediction
. . Clustering, . . Determine the ideal number of
Complex Gaussian mixture . ustering, Identify the optimum .. Y
Unsupervised density mixing components based on the
models L number of components
estimation data
Generative adversarial Supervised, Realistic data Generate synthetic data
. . Generate new data . -
networks unsupervised generation preserving original patterns
Dimensionalit . . s
Supervised reduction Y Identify the most Identify abnormal data points in
Auto-encoders l L ? important the dataset. Determine which data
unsupervised anomaly . . . . .
. dimensions/features dimensions are most important
detection
Table 7.3. The various uses of algorithms versus the role of ChatGPT
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Supervised machine learning, where models learn from pairs of labeled training
data, excels at making predictions and data-driven decisions once enough annotations
exist (Rich and Gureckis 2019; Sedkaoui 2023). Classification, regression,
prediction and ranking are all powered by supervised algorithms on human-labeled
examples. This top-down approach encoded human considerations in models.
However, obtaining comprehensive, high-quality training labels can be arduous.

Unsupervised learning, on the other hand, offers a bottom-up approach to
discovering the structure and patterns in unlabeled data without human assistance.
Clustering, dimensionality reduction, association rule mining and density estimation
are key unsupervised techniques. This makes it possible to digest data where
annotations are difficult, subjective or sparse. Unsupervised learning provides a lens
on blind spots that supervised approaches miss given their dependence on labeling.

The techniques are complementary. Unsupervised learning is often used for
exploratory analysis and the feature representation discovery, which can then be
used to reinforce supervised models. Semi-supervised approaches combine small
sets of labeled datasets with larger unlabeled corpora. And self-supervised learning
creates artificial supervision signals from the data as a special case of targeted
unsupervised pre-training. Mastery of both ends of the spectrum enables a variety of
challenges to be matched with appropriate learning paradigms. Just as humans learn
from a mixture of instruction and experience, Al systems must also integrate
supervised and unsupervised learning to achieve robust intelligence.

In this context, the question arises as to the extent to which generative Al
techniques, such as ChatGPT, could contribute to generating additional synthetic
training data in order to improve the performance of these algorithms. Could such
data-generating capabilities compensate for the limitation of training datasets and
thus enhance results in both supervised and unsupervised learning? These
considerations open up exciting prospects for merging the strengths of supervised and
unsupervised learning targeted with the means of generative Al.

For their part, supervised learning algorithms rely on large labeled training datasets
to learn efficient mappings from inputs to target outputs. However, acquiring
sufficient, high-quality training data can be challenging and time-consuming in
practice (Sedkaoui 2023). This is where generative Al models like ChatGPT show
immense potential for help in augmenting limited human-labeled examples with
knowledge-powered pseudo-labeling and feature enrichment strategies and natural
language capabilities.

For example, ChatGPT could rapidly extend the limited training data for a
sentiment classification model by generating additional representative synthetic
samples with pseudo-labels on a diversity of topics and linguistic styles. This
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provides broader coverage and protects against model overfitting on narrow labeled
examples. ChatGPT can also enhance the quality of training data by interactively
flagging and relabeling any mislabeled examples through conversation with human
experts, cleaning up errors.

Equally impactful is ChatGPT’s ability to enrich the input features introduced in
supervised models by extracting higher-order semantic representations from plain text,
images or tabular data based on the conversational prompts of machine-learning
experts. More informative features improve model generalization and scalability.
ChatGPT can also advise on the optimal model architectures and hyperparameters to
try out, depending on performance objectives and data characteristics, automating
tedious trial-and-error experimentation.

Unsupervised learning algorithms discover hidden structures in unlabeled data,
without the aid of human-tagged examples. By revealing patterns, clusters and
intrinsic representations, unsupervised techniques enhance predictive modeling and
decision-making (Siegel 2013; Sedkaoui and Khelfaoui 2020). However, their
exploratory nature poses challenges in interpreting results and aligning discoveries
with the business value. This is where intelligent systems like ChatGPT demonstrate
strong potential for collaboration by providing interfaces to interactively guide and
contextualize unsupervised learning.

For example, ChatGPT can help identify new unlabeled datasets relevant to a
business problem through natural language discussions to power unsupervised
modeling. This alleviates data constraints. ChatGPT can also provide business
context to help interpret the semantic meaning of clusters, dimensions and segments
generated by unsupervised algorithms. This bridges the gaps between technical
results and strategic objectives. Additionally, by conversing with ChatGPT, data
scientists can direct analysis as needs evolve, applying human judgment to
unsupervised techniques that traditionally operate blindly. Finally, ChatGPT can
quickly test permutations of unsupervised algorithms, parameters and data
permutations, accelerating iterative improvement.

Supervised machine learning techniques, such as regression or neural networks,
rely on large sets of labeled data to learn. ChatGPT can enhance them by automating
the engineering of features, generating synthetic data to compensate for limited
datasets and explaining the predictions of complex models. For unsupervised
methods, such as k-means clustering, ChatGPT helps to interpret and name the
discovered clusters. For advanced techniques, such as Bayesian networks, ChatGPT
speeds up the analysis of dependencies between variables. And for auto-encoders, it
can identify the most informative data dimensions captured.
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As shown in Table 7.3, ChatGPT is able to support a wide range of machine
learning techniques, from the simplest to the most complex. Thanks to its
conversational capabilities, it can accelerate every stage of the data pipeline from
algorithm suggestion to model optimization and rapid prototyping. The table sums
up the diversity of possible contributions to empowering practitioners. ChatGPT
paves the way for fruitful collaboration between the strengths of Al developers and
the knowledge of an Al. This association promises major advances for the future of
machine learning.

More generally, ChatGPT’s deep technical knowledge enables it to propose
model architectures adapted to data and objectives. It automates the optimization of
hyperparameters to improve performance. And it generates code to rapidly prototype
ideas. Its conversational assistance thus amplifies the capabilities of users and
practitioners in machine learning.

Whether for simple or complex algorithms, supervised or unsupervised algorithms,
ChatGPT considerably speeds up the process from data to deployment. It ushers in a
new era of Al innovation through human—machine collaboration. Data scientists gain
a partner in optimizing end-to-end machine learning pipelines.

Now that we have covered the opportunities for optimizing workflows,
accelerating innovation and democratizing access (Von Hippel 2006), Chapter 8§
focuses on an equally crucial topic: bringing these analytical perspectives to life
through intuitive and engaging data storytelling and reporting.

After developing models, organizations need to know how to convey the results
convincingly and responsibly to a variety of audiences (Sedkaoui 2018b). Here too,
ChatGPT demonstrates strong potential for automating reporting, provided that
human supervision guarantees the accuracy, objectivity and strategic relevance of
communications. Let us continue our exploration in Chapter 8!






8

Narrative Fascination: Data-driven
Stories and Reports

In-depth data analytics only creates impact when it is communicated in an
engaging way to stakeholders. Transforming technical insights into compelling
stories is an essential skill in the data age. In this chapter, we explore how intelligent
assistants like ChatGPT can help generate stories and reports from data that capture
attention and convey complex ideas in a simple way.

We will be looking at applications such as automating the writing of interactive
dashboards and developing plans for engaging storytelling. ChatGPT shows great
potential for bringing data to life via visuals and natural, engaging language.
However, human validation remains essential to guarantee accuracy, avoid bias and
align storytelling with business objectives.

The combination of the creativity of Al and human wisdom is paving the way for
a new era of high-added-value reporting and presentation. Through this chapter, we
will learn how to leverage ChatGPT to transform technical analysis into compelling
stories that inspire your audience and promote a data-driven culture in your
organization. Let us get started on this exciting exploration!

8.1. ChatGPT for generating data storytelling plans

Data storytelling is an art form that transcends the realm of raw statistics and
transforms them into captivating narratives with both informative and engaging
qualities (Sedkaoui 2018a). This art form serves as a powerful instrument for
conveying complex concepts, bridging the gap between complex data and human
understanding.
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At the heart of this process is the indispensable concept of data storytelling
plans. These plans serve as architectural blueprints, ensuring that data stories are
meticulously structured and ready to achieve their objectives. For a data storytelling
plan to be effective, it needs to be made up of several integrated components,
perfectly interwoven into a coherent whole.

A fundamental element of any data storytelling plan is the establishment of a
clear understanding of the underlying data. This fundamental step requires a
comprehensive understanding of the data’s origins, its inherent constraints and the
wealth of information it contains in its digital threads.

At the same time, a well-defined audience serves as a guiding star for creating a
compelling data story. By precisely delineating the contours of the target audience,
storytellers gain the means of modulating the tone, depth and breadth of the story.
The story’s resonance lies in its alignment with the audience’s prior
knowledge, interests and expectations, enabling it to reach its destination with
greater precision.

The imperative of a crystalline goal is integrated into a narrative data plan. Every
data story must be underpinned by a clear and discernible purpose. Whether the goal
is to enlighten, influence or captivate, the trajectory and impact of the narrative
depends on the succinct articulation of this objective, guiding every word and
visualization towards a coherent destination.

The skeleton of a story is its structure, and the narration of data is no exception.
A meticulously traced narrative structure ensures that the data story unfolds in a
logical sequence, capturing attention from its inception, creating intrigue as it
unfolds and offering a satisfying resolution at its climax. The triadic architecture of
beginning, middle and end propels the audience on a sensory journey of exploration,
understanding and reflection.

The visualizations, the vibrant brushstrokes on the data canvas, bring these
stories to life. Data storytelling thrives when aided by visual aids that transform
abstract numbers into tangible information. These graphical presentations not only
enhance engagement but also promote understanding, allowing us to perceive
patterns and relationships that words alone might struggle to convey.

When the narrative reaches its zenith, the narrative baton is passed to the call to
action. A poignant data story culminates in a request for action, calling for new
awareness to be translated into tangible steps. This last element catalyzes the
transformation of passive engagement into active contribution, whether by visiting a
website, signing a petition or making a donation, thus fostering a symbiotic
relationship between the story and its recipients.
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In the symphony of data storytelling, each element harmonizes with the next to
create a composition that resonates far beyond the confines of data tables and charts.
Thanks to meticulous planning, a data story evolves from a simple amalgam of facts
into an immersive experience that enlightens, empowers and entertains its audience,
leaving an indelible mark on their perceptions and actions.

Data storytelling Role of ChatGPT
plan

Generate summaries, statistics and

visualizations to clarify insights
Understand

data

Suggest optimal framing and level of detail

based on audience knowledge
Define target

audience

Propose narrative structures aligned with
desired goals and impact

Establish clear
objectives

Recommend the logical sequencing of key
ideas and concepts
Create a
narrative flow

Provide a creative jumpstart by suggesting
different chart types and designs
Incorporate
visuals

Create explanatory examples and analogies to

clarify concepts
Include

explanations

Propose powerful calls for action to engage
audiences

Add a call

for action

Figure 8.1. ChatGPT's potential in the narrative data planning process



130 Automated Data Analytics

Creating compelling data stories requires thoughtful planning and structure.
ChatGPT can provide valuable assistance throughout this process. But, in reality,
how can ChatGPT collaborate with human teams on the essential elements of
planning and designing data-driven narratives, to ensure maximum relevance,
engagement and impact (Sedkaoui 2023)? Figure 8.1 visualizes the answer to this
question and depicts the essential components of developing a data narrative, as well
as ChatGPT’s conceivable role at each stage.

ChatGPT can collaborate on key planning elements, from understanding datasets
to shaping narrative flow and explanations. Its knowledge and generation capabilities
provide a solid starting point for teams to then refine and personalize data narratives
for maximum relevance and impact.

First and foremost, ChatGPT accelerates data comprehension by automatically
generating summaries, statistics and tables via prompts in natural language. This
elucidates ideas and relationships.

Then, when defining target audiences, ChatGPT can suggest optimal framing
according to audience type — making complex details accessible to non-technical
crowds or adding technical rigor to data scientists.

ChatGPT also helps to develop the narrative arc and flow according to the
analysis objectives and key takeaways, ensuring a logical sequencing of ideas
tailored to the intended audience.

For data visualizations ChatGPT provides creative jumpstart suggestions for
trying out different chart types and designs. It also creates explanatory examples and
analogies to clarify concepts for different audiences.

Last but not least, ChatGPT is adept at proposing punchy calls to action that
mobilize the audience based on the desired messages and outcomes.

At every stage, ChatGPT provides a solid starting point for refining the nuanced
understanding of business needs.

Generative Al models like ChatGPT can collaborate with data teams to design
these communication plans to ensure report resonance. By describing key aspects,
such as your target audience, data insights, analysis objectives and desired narrative
arc, ChatGPT can propose communication frameworks, sequencing, explanatory
analogies and customized visualizations for potential inclusion. This provides a solid
starting point for discussion and refinement with creatives and directives.
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For example, data analysts can inform ChatGPT of key trends in customer attrition
trends detected by predictive modeling. They can then prompt it to suggest an engaging
scenario that conveys the “aha” moments of the analysis into an intuitive flow. This
may involve revealing patterns among customer cohorts before diving into churn
factors. Data analysts can guide ChatGPT to tailor the narrative to the executive
stakeholders and technical parties by describing their interests and level of mastery
of the data.

In this context, ChatGPT can offer explanatory analogies and examples that
resonate with each audience. Through collaborative brainstorming, teams access
ChatGPT’s vast communications knowledge while applying a human understanding
of business messaging needs and talents. This creative synergy translates into
high-impact data stories that educate and activate audiences.

8.2. The bewitchment of words: automating for writing data-driven
stories

Powerful data storytelling requires not only thoughtful planning but also skillful
execution in writing convincing stories. This is where generative Al and its
ChatGPT intelligent agent are extremely promising for automating the translation of
analytical insights into engaging stories.

Data-driven narrative composition involves using data to build a story that
combines information and engagement. This technique is highly effective as a tool for
conveying complex concepts to a wide range of audiences.

Traditionally, the development of data-driven narratives has been characterized
by long and laborious processes. However, the emergence of advanced language
models such as ChatGPT has revolutionized this landscape, enabling the automation
of data-driven storytelling creation.

ChatGPT offers capabilities covering text generation, language translation,
diverse content composition and answering informative queries. In addition, it is on
the verge of streamlining the complex effort of writing data-driven stories. In order to
automate the process of writing a data-driven story via ChatGPT, we need to provide
the Al with the following details:

— the dataset to be used for narrative construction;

— the story’s target audience;

— the overall purpose of the story, encompassing objectives such as informing,
persuading or entertaining.
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Armed with this input, ChatGPT launches into the task of text generation,
producing a narrative interwoven with data insights. This output is meticulously
tailored to meet both the target audience and the designated objective of the
narrative. In addition, it has the qualities of being enlightening, immersive and
comprehensible.

Step

ChatGPT capabilities

Example prompts

Outlining the

Produce a detailed outline of
the narrative and key points,

“Provide a five-paragraph outline
for a blog story on key trends from
our sales data”

story and propose convincing “Suggest a compelling narrative arc
narrative arcs and structures to explain our A/B test results to
senior leadership”
Generate complete narratives “Summarize the key insights from
Writing of draft narratives explaining this customer research report in a

initial draft

data insights in easy-to-
understand language

short blog post aimed at a non-
technical audience”

Suggest charts, diagrams and

“What is the best way to show

Driving data . .. . .
lv,l g tables for visualizing data and trends in website traffic over the
visuals . . . "
findings past year described in these data?
Refining Revise, expand or reformat “Add more explanatory examples to
story text and visuals based on clarify this section of the draft
elements feedback report”
. T “Writ tivating introduct
Writing Write captivating introductory rite a captivating Introcucrory
. ; paragraph that frames the main ideas
introductions | paragraphs ; . .
of this analysis presentation
“Enrich these data analysis findings
Generating Incorporate clarifying with analogies and examples that
explanations | examples and analogies would resonate with our marketing
team”
Adding “Include here an anecdote
Include relevant anecdotes . . . .
elements to . illustrating this data point on
and narrative elements C e
the story customer friction

Revising tone
and style

Adapt tone and style for
different audiences

“Modity the tone of this draft to
make it more formal for our
executive stakeholders”

Table 8.1. Automated data storytelling with ChatGPT

By feeding ChatGPT’s key data outputs along with the communication plan and

audience needs, it can produce written story drafts, slides, emails and other formats




Narrative Fascination: Data-driven Stories and Reports 133

that convincingly convey critical information in an intuitive flow using vivid
language, analogies and examples tailored to the recipients (Sedkaoui 2023).

For example, data journalists could provide ChatGPT with interesting trends
discovered from election polling data and have it generate a first draft of an article
guiding readers through the analyses in clear, non-technical language, peppered with
explanatory metaphors. The automated draft then allows the story to be refined for
maximum engagement, rather than starting from scratch.

For visual slides, data teams can prompt ChatGPT to create slide titles, explanatory
text and even to suggest custom graphics to bring the data to life in an impactful
presentation. This provides a starting point for designers to then perfect the visual
flow and branding.

In an era when data weaves complex narratives, the automation of data-driven
storytelling via ChatGPT promises a host of compelling benefits.

Automating data-driven stories via ChatGPT offers a myriad of advantages. It not
only saves valuable time and effort but also guarantees the accuracy and impartiality
of the story. This approach enables the creation of narratives precisely tailored to
different audiences, improving engagement and visual appeal in the process.

More than just a compilation of figures, data intrinsically tell stories that have
the potential to illuminate complex patterns and insights. With ChatGPT at the helm,
this process not only saves invaluable time and effort but also roots the story with
unrivalled accuracy and impartiality.

As the data reveals its stories, this approach empowers storytellers to create
narratives that resonate with diverse audiences, amplifying both engagement and
visual appeal throughout the journey.

Thanks to this synergy, ChatGPT emerges as a powerful creative collaborator,
orchestrating the automated creation of data-driven stories that cleverly combine
information, captivation and effectiveness, inviting audiences into a realm where
stories not only inform but also inspire and compel action.

ChatGPT provides a fast way to get initial ideas and text on the page, allowing
human creators to then refine the material for maximum resonance and strategic
alignment. By combining forces, powerful data stories can be developed much more
quickly. However, human oversight remains essential to guarantee accuracy, avoid
bias and write quality stories. The automation of ChatGPT needs to be strategically
guided and its work carefully validated before external use.
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8.3. Interactive dashboards and ChatGPT’s ingenuity

Interactive dashboards are a cornerstone in the field of data visualization and
data analytics results, providing a dynamic platform for users to explore data under a
multitude of angles, reveal trends and patterns, and thus promote informed decision-
making. The synthesis of interactivity, visualization and personalization encapsulated
in these dashboards creates a multifaceted approach to exploring and understanding
data.

The advent of interactive dashboards heralded a transformation in data analytics,
democratizing the field and making it accessible even to those with limited technical
prowess (Sedkaoui 2018a). This democratization is of paramount importance, as it
extends the reach of data mining beyond the limits of data scientists and analysts,
opening doors to a wide range of users, from high-level business leaders seeking
strategic information to people in a variety of roles across the organizational
spectrum.

Thanks to vividly colored tables, graphs, maps and other visual aids, users are
able to discern patterns, anomalies and correlations that might remain hidden in the
labyrinthine structure of raw data. The combination of interactivity with visualization
enhances this process, allowing users to zoom, filter and manipulate visualizations in
real time, offering a granular view of the data landscape.

Customization is a powerful attribute, accentuating the versatility of interactive
dashboards. Users have the ability to tailor these dashboards to their unique needs.
Whether a company needs to track discrete metrics for performance evaluation, or a
data analyst is looking to examine specific data points for insights, the flexibility of
shaping the dashboard ensures its resonance with the user’s objectives.

Collaboration is elevated to a new level thanks to the inherent sharing
functionality in interactive dashboards. Teams can collaborate seamlessly on
data-centric projects, transcending geographical barriers and time constraints. The
ability to distribute and merge information in real time fosters the convergence of
diverse perspectives, essential to supporting sound decision-making in complex and
rapidly changing business environments.

Taking advantage of ChatGPT’s capabilities, the process of creating a dashboard
and its refinement through to its ultimate iteration can be accomplished in a matter
of minutes. The remarkable achievement here lies in ChatGPT’s determining role in
accelerating and simplifying the creation of interactive dashboards designed for data
analytics or related activities.
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This increase in speed not only accelerates the exploratory data analysis (EDA)
phase and facilitates the visualization of hyperparameter tuning results (Sedkaoui
2023), but also streamlines the dissemination of findings. As a result, this dynamic
integration of ChatGPT not only enables rapid development but also accelerates the
transmission of insights, transforming the landscape of effective communication within
minutes.

As ChatGPT’s popularity soars, it becomes imperative for analysts to keep
abreast of the latest tools and techniques, while exploring ways to seamlessly
integrate ChatGPT into their processes. However, as is customary, the creative
process is marked by iterations — creation, testing, refinement and further testing, an
iterative dance that propels progress. The beginning of this process starts with the
construction of a dataset.

Imagine the possibility of creating a dashboard with a simple whisper to
ChatGPT. Imagine the scene: through prompts, we can trigger a sequence of events,
powered by the ingenuity of plugins like Code Interpreter. Let us take a look at the
mechanics of how this transformation happens:

— The process begins with a crucial step: the articulation of the dashboard’s
objective. What story does the data contain and what insights are we seeking to
uncover? The initial dialogue with ChatGPT triggers the map of your intentions.

—From there, a tapestry of data emerges, woven from diverse sources —
databases, spreadsheets, APIs — each contributing to the overall story. This
assortment converges in the next phase, where data preparation takes center stage.
Raw data are cleaned, structured and harmonized to facilitate seamless integration
into the narrative dashboard.

— Selecting the dashboard tool is akin to selecting an artist’s canvas. The
landscape is rich and varied, populated by Tableau, Power BI, Looker, Python, etc.
Each tool offers a distinct palette for translating data into vivid visualizations and
interactivity, painting a canvas that resonates with your vision.

— Now the story takes shape. Guided by your whispered prompt, the dashboard
tool transforms the data into dynamic visualizations. Tinkering and refining, the
journey evolves as interactivity weaves itself into the fabric of your creation.

— A crucial step lies ahead: testing the user-friendliness of the dashboard and the
clarity of its visual displays. Are the insights obvious and the navigation intuitive?
Assurance is sought to ensure that users can easily glean value from the dashboard.

— The unveiling, the grand finale, heralds the unveiling of your creation to the
world. The interactive dashboard, a symphony of data and design, is ready to provide
others with actionable insights, laying the foundations for informed decisions.
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As we delve deeper into the subtleties, plugins appear as invaluable tools, enriching
the tapestry of interactivity. Plotly, Dash, Code Interpreter and Streamlit — these
plugins paint brushstrokes of versatility and innovation, allowing for the infusion of
dynamism and user engagement. Each plugin offers distinct benefits, tailored to your
unique story.

The tips shine like guiding stars in this creative galaxy. Clarity in labeling guides
users in visual areas, while color coding articulates nuances in the data narrative.
Tooltips highlight hidden gems, providing a conduit for deeper understanding. With
the mobile era in mind, designing for adaptability ensures that the reach of your
dashboard knows no limits. Consistency in design promotes cohesion, while external
perspectives refine your creation before it faces the world.

In essence, this journey from a simple prompt to a functional interactive
dashboard is an alchemy of creativity, technology and insight. Code Interpreter — a
conduit for ideas — works its transformative magic in collaboration with data,
visualization and interactivity. With the canvas of possibilities stretched before you,
the future of dashboard design is a blend of whispers, innovation and the power to
create compelling narratives from the symphony of data.

In the realm of user-centered design, where understanding user needs and goals
reigns supreme, selecting appropriate design components and seamlessly integrating
ChatGPT serve as a compass for experts aspiring to elevate their dashboard designs
to unparalleled levels.

Before diving into the transformative potential of ChatGPT in the dashboard
design workflow, it is essential to review conventional approaches. Traditionally,
experts would embark on a journey starting with crystallizing the purpose of the
dashboard, continuing with the aggregation of the required data and visual
components. Subsequently, the dashboard layout would be meticulously tailored to
meet user preferences. The final steps would involve manual data entry and
labor-intensive data processing to sculpt visual presentations and succinct
summaries.

While this proven approach delivers results, it is not without its challenges.
Conventional methodology can often be time-consuming and error-prone (Liebrenz
et al. 2023). Manual processes can inadvertently hamper the design team’s agility,
inhibiting the potential for experimentation and iterative evolution. The laborious
nature of traditional dashboard design often stifles the creative freedom needed to
explore innovative solutions.

In light of these challenges, the prospect of integrating ChatGPT into the
dashboard design journey appears to be a beacon of innovation. Infusing ChatGPT’s
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prowess could significantly mitigate the drawbacks of the manual approach, speed up
the design process and reduce the risk of errors. By automating certain facets, we gain
the freedom to focus on creative ideation and strategic decision-making, ultimately
paving the way for iterative experimentation and refinement.

With adapted prompts, this generative agent can suggest and even help generate
custom data visualizations such as tables, graphs and maps that intuitively convey
key trends and relationships within complex datasets.

Analysts can provide context on targeted business questions and audience needs.
ChatGPT can then deliver dashboard mockups with custom visualizations and
interactions, such as filters, tooltips and cross-highlighting, to tell tailored data
stories. For example, marketers can inform ChatGPT of campaign performance
metrics and have it design an interactive dashboard showing trends across channels,
creatives, segments and time periods. This gives a practical overview of the analysis.

For frontline teams, ChatGPT could help create a geospatial view of sales data
layered with the territories and objectives of employees. Automation provides a
solid starting point for then refining production visualizations with optimal
functionality, usability and branding.

By combining the visualization capabilities of Al with human monitoring,
dashboards move from static reports to interactive narratives that meaningfully
engage the audience, making data exploration intuitive and high impact.

8.4. Humans at the heart of protocols: the imprint of human ingenuity
in generative Al

In the complex tapestry of data-driven storytelling, an often overlooked aspect is
the central role played by humans not only as users but also as creators and architects
of the Al systems that underpin them. The profound influence of humans is reflected
in the creation, development and use of generative Al models like ChatGPT,
positioning them as a testament to human ingenuity and a mirror of human perspectives.
The symbiotic partnership between human insight and machine-generated assistance
is the basis for creating accurate, informative and ethically sound narratives.

The indispensability of human assistance persists across the entire spectrum, for
several reasons:

— Context and interpretation: although ChatGPT is remarkably capable, it
remains trapped within the limits of its programming. It lacks the ability to grasp the
complex nuances that permeate human language and culture. Here, humans emerge
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as key architects, endowed with the ability to infuse context and interpretation into
data-generated narratives. This human touch elevates the quality of stories and
reports by integrating them with a deeper understanding of the subject.

— Error detection: ChatGPT’s development trajectory suggests that it is also
susceptible to errors. Despite its remarkable evolution, it can sometimes produce
inaccuracies in the generated data. Here, the discerning eye of humans shines
brightly as they scan the output, skillfully identifying discrepancies and correcting
them. This interplay of human vigilance and Al assistance strengthens the
foundation of reliability in data narratives.

— Feedback loop: the field of data is vast and often convoluted. In such complex
domains, the human ability to discern meaning from a set of data points remains
unparalleled. By providing comments to ChatGPT, humans focus on the most
relevant data, enriching the quality of the stories and reports generated. This
collaborative synergy fosters a continuous learning loop, refining the AI’s ability to
discern relevance.

— Interactive dashboards: the field of interactive dashboards brings to the fore
the harmonious blend of human ingenuity and Al capabilities. ChatGPT brings its
prowess in generating data-driven insights, while humans step in to design visually
appealing, user-friendly dashboards. These dashboards, carefully designed to
resonate with users, become the conduits through which data stories are translated
into meaningful information.

— Beyond mechanics: underpinning the interaction between humans and ChatGPT is
a quintessential aspect that signifies the essence of human contribution. The human
judge guides the curation of data and shapes the selection of relevant information and
the formulation of conclusions. Creativity becomes an inestimable tool, as humans
bridge the gap between raw data and compelling narratives, devising innovative
ways to illustrate and communicate complex results.

— At the creative helm: the journey to generative Al models begins in the minds of
humans. These models are, at their root, a reflection of the human intellect that
conceived them. From conceptualization to execution, the context of generative Al
models is rooted in human thought processes (Samuel 1959; Sedkaoui and Khelfaoui
2020). This thought leadership extends to formulating prompts that initiate
interactions with Al. By shaping the prompts, humans imbue the Al with a
predefined direction, imbuing the stories with a touch of human intent.

— Architects of development. The evolution of generative Al models, like
ChatGPT, is a manifestation of human innovation and technological prowess.
Humans meticulously build algorithms, train models on massive datasets and
iteratively refine their performance. As gatekeepers of the Al development journey,
humans refine models, giving them the ability to understand context, generate



Narrative Fascination: Data-driven Stories and Reports 139

coherent text and even imitate human conversations. These models are, in essence,
the fruit of human creativity and effort.

— Co-creators of insight: the symbiotic interplay between human insight and Al
augmentation is what makes data narratives complete and insightful. Using Al as a
tool, humans leverage its computing prowess to analyze vast datasets, discern
patterns and extract insights that might otherwise escape the unaided human eye. Yet
the interpretation, framing and contextualization of these insights remain uniquely
human endeavors. The fusion of Al-driven analysis and human-driven interpretation
results in narratives enriched by both perspectives.

— Ethical guard: as we move into the realm of Al generative models, the ethical
compass of humans is an indispensable guiding force. Responsibility for ensuring
that Al-generated narratives meet ethical standards rests entirely on human
shoulders. The rapid creation process is a living embodiment of this role, where
humans decide on the parameters within which the Al operates. This ethical
conservation ensures that Al narratives respect the values of inclusivity, fairness and
respect. In the age of data-driven decision-making, human ethics play a central role.
While ChatGPT is driven by algorithms, humans must ensure that the information
extracted from the data is used ethically and responsibly. The moral compass of
humans protects against the misuse of data for discriminatory or invasive purposes,
helping to create narratives that reflect not just data, but empathy and responsibility.

— Navigators of future possibilities: beyond the current horizon, humans guide
the trajectory of Al evolution. The creative dynamism of humans drives the
refinement of generative Al models, seeking to fill gaps in understanding and
improve narrative coherence. As Al models evolve, humans channel their abilities to
overcome limitations and unlock new dimensions of creativity and precision.

The relationship between humans and generative Al models is characterized by a
profound symbiosis. The genesis of prompts, Al model development and co-creation
illustrate the dynamic partnership between human ingenuity and Al computational
prowess. While Al models augment and accelerate aspects of narrative creation, the
stories themselves remain a harmonious blend of human interpretation, intention and
technological augmentation. As we travel this co-evolutionary path, the narrative
fabric we weave reflects the harmonious interplay of human and Al capabilities.

While generative Al models such as ChatGPT can accelerate data storytelling
and dashboard creation, human surveillance remains essential to validate quality,
accuracy and ethics. As competent as ChatGPT is, it lacks true semantic
understanding and commercial context. Without human surveillance, risks emerge
around bias, misrepresentation and strategic alignment.
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Data scientists must thoroughly check automatically generated results before they
are released. This involves checking for statistical errors, misleading inferences or any
biases that may inadvertently creep in. The examination of a representative sample
of dashboard functionality can be used to detect any errors in data flows or visual
mappings. Data and domain scientists also ensure that messaging aligns with the
organization’s sensitivities and objectives.

In particular, human judgment provides crucial ethical protection against
potentially misleading, harmful or unfair presentations. ChatGPT lacks the moral
reasoning and responsibility that ethical relationships require. Ongoing human
guidance reinforces guardrails and boundaries when Al writes or designs freely.

ChatGPT offers exponential gains in analytical throughput, but thoughtfully
directed collaboration unleashes the business impact of the results. ChatGPT’s
capabilities in the analysis process, both with and without human intervention,
illustrated in Table 8.2, underline the central importance of human supervision.

Task

‘What ChatGPT cannot do on
its own

With human validation and
guidance

Data collection

Understand business
requirements for data

Determine the relevant data
to collect

Data preparation

Perform expert validation to
ensure data quality and relevance

Validation of data quality
and advanced processing

Exploratory Provide a strategic interpretation Strategic interpretation and
analysis considering operational context business context
Predictive Use human discernment to select | Choose the best algorithm
modeling the optimal algorithm and model optimization
. Identify and detect bias, ensure Validate accuracy, detect
Storytelling

ethical compliance and accuracy

bias, strategic alignment

Deployment and
monitoring

In-depth testing and ongoing
maintenance

Extensive testing, continuous
monitoring and maintenance

Table 8.2. Al-based collaborative data analytics to improve ChatGPT

On its own, ChatGPT lacks a true understanding of business objectives and real-

world context. It can quickly generate suggestions, find patterns in the data and even
prototype models — but the value lies in the human analysts who interpret the insights,
select the most appropriate algorithms and align the results with strategic objectives
based on their judgment and subject-matter expertise.
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Ethical considerations are just as important. ChatGPT may inadvertently
introduce biases or inaccuracies without human validators checking for misleading
implications and auditing a sample of the AI’s work. Subject matter experts provide
essential protection against potentially harmful outputs.

Even for seemingly basic tasks, human supervision remains essential to guide
ChatGPT responsibly and productively. Here are some additional thoughts:

— Public data collection by ChatGPT requires a human focus on relevant sources
and business needs. Without this guidance, data risk being off-topic or useless.

— Data cleaning and preparation by ChatGPT must be validated by experts. Errors
or anomalies could persist without human verification.

— The statistics and visualizations produced by ChatGPT in isolation lack
strategic context for interpretation. Humans complete the picture.

— The models rapidly prototyped by ChatGPT must be evaluated by experienced
data scientists to ensure their robustness and alignment with business objectives.

— Narratives and dashboards generated by ChatGPT require human control of
potential biases and strategic relevance in the messaging.

In short, the value of ChatGPT lies in accelerating routine analysis tasks, but not
in their autonomous execution. Close collaboration with experts remains essential to
maximize benefits while mitigating risks. Together, humans and machines achieve
superior quality, relevance and ethics than they can do alone. The future is data
analytics combining the best of human and artificial capabilities.

However, realizing the full potential of these capabilities requires the
maintenance of rigorous ethics, responsibility and monitoring. Now, in Chapter 9, we
discuss the responsible and transparent deployment of generative Al in analysis
workflows — by establishing clear safeguards to mitigate risks related to bias,
fairness and misuse.

While ChatGPT offers exponential productivity gains, human guidance is
essential for reliable integration. We discuss tactics, such as iterative feedback loops,
to continuously align ChatGPT results with the needs of the analysis process. And we
explore techniques for instilling accountability through transparency in limits and

supply.






9

Power within Hands: Ethics,
Orientation and Use

The rapid advancement of generative Al promises to revolutionize data analysis
by enhancing productivity, accessibility and insight. However, realizing this potential
requires thoughtful governance to maintain ethics, trust and accountability.
Unmanaged adoption poses the risk of irresponsible and damaging outcomes.

In this chapter, we explore strategies for the responsible use of intelligent models
such as ChatGPT in analytics workflows — including the establishment of human
safeguards to guide technological capabilities towards positive goals.

First, we discuss how to understand the limitations of bias and ensuring
transparency in when and how to appropriately apply Al assistance. Next, we
examine how to align ChatGPT results with business objectives through iterative
feedback loops.

We also look at how to ensure accountability and track the steps involved in
using Al models. And we explore security protocols and compliance best practices
for Al integration.

Finally, we look at how cultural change and education contribute to achieving
responsible adoption. The future role of data scientists is to apply wisdom and
surveillance to forge a symbiosis between human and artificial intelligence that
ethically amplifies their mutual strengths.

By following the principles of a trustworthy Al — justice, equity, responsibility —
while pragmatically governing risk, organizations can unlock ChatGPT’s
collaborative potential for data-driven insight. So let us start exploring this crucial
priority.
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9.1. Understanding the limits of Al-generated analysis

Throughout this book, we have seen how conversational systems like ChatGPT
have profoundly transformed the field of data analytics, offering instant assistance
and increased accessibility. However, adopting Al results without adequate
monitoring presents significant challenges related to bias, accountability and
strategic alignment. To address these concerns, a human governance approach is
essential to ensure responsible and effective use of Al-generated information.

Despite remarkable advances in Al technology, it still falls short of human
cognitive capabilities. Genuine semantic understanding, creative thinking and ethical
reasoning are areas in which Al struggles to match human understanding. Relying
solely on Al results can lead to inaccuracies, the perpetuation of biases in training
data and misalignment with organizational goals.

A major problem is the presence of statistical biases in training data (Piegorsch
2015; Sedkaoui and Khelfaoui 2020), which can inadvertently lead to biased analyses
and narratives produced by generative Al models. In addition, the complex behaviors
of Al models can be difficult to understand, masking the risks they might introduce.
It is important to recognize that Al is not intrinsically good or bad; its impact is
amplified by the way it is applied. Responsible use guided by human supervision can
lead to the revelation of ideas that might otherwise remain hidden.

The solution therefore lies in establishing pragmatic control mechanisms that
ensure the reliable and ethical use of Al. This approach recognizes both the benefits
and risks associated with new technological capabilities. By implementing protocols
that emphasize transparency, responsibility and active human involvement in the
decision-making process, organizations can harness the benefits of Al while
minimizing potential pitfalls.

In this context, analysts play a central role. Their role goes beyond simply
applying Al algorithms; it involves assessing context, identifying risks, validating
results and guiding Al models like ChatGPT towards realizing their full potential. Let
us take a closer look at the different dimensions of their role:

— Contextual assessment: human experts bring a deep understanding of the
business landscape, societal implications and ethical considerations. They assess the
relevance of Al applications in different contexts. For example, if an organization is
considering using Al to automate interactions with customer service, a human expert
will assess whether certain sensitive requests should be handled by humans to ensure
empathy and understanding.
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— Risk identification and management: human expertise is essential to identify the
potential risks associated with Al models. These risks can range from unintentional
ones in language generation to the amplification of misinformation. Human experts use
their knowledge domain to detect biases that might emerge from the historical data or
cultural nuances that the AI model might ignore. They develop strategies to minimize
these risks and ensure that Al results comply with ethical and regulatory standards.

— Reviewing results: human experts play a crucial role in validating the results
generated by Al models. They cross-check the information or recommendations
provided by the Al with their own expertise and knowledge. This validation stage is
essential to ensure the accuracy and relevance of the results generated by Al. For
example, in the context of a medical diagnosis, an Al might suggest a potential
diagnosis (Else 2023), but a human expert would carefully review it to ensure that it
conforms to medical guidelines.

— Advice and calibration: human experts provide advice to Al models to improve
their performance over time. They train the models by refining them on relevant data
and providing feedback based on their own domain expertise. This iterative process of
guidance and calibration helps Al models like ChatGPT to continually improve their
responses and understanding of diverse contexts.

— Adapting to the nuances: although Al models excel at processing large
volumes of data quickly, they can struggle with nuances, humor and cultural
references. Human experts refine Al output by introducing these nuances, ensuring
that generated content aligns with human communication norms and expectations.

Ethics and human values become integral considerations in both the design and
supervision of data analytics augmented by Al.

At their core, Al models like ChatGPT currently lack real-world comprehension,
ethical reasoning and creative problem-solving on a par with human intelligence.
Their statistical and data-driven nature leaves gaps in contextual understanding,
moral judgment, intuition and adaptability.

For example, while ChatGPT can generate long texts on a given topic, it does not
really grasp the subtle cultural connotations as domain experts intuitively would.
Similarly, ChatGPT has no inherent ability to reason about the ethical implications of
generated content that could potentially be biased, harmful or misinterpreted. Human
judgment is essential for providing the necessary supervision.

And while ChatGPT can remix training data in a novel way, it lacks the creative
problem-solving skills to make truly intuitive leaps or adapt to unprecedented
contexts. Its capacity for innovation remains hampered by the data on which it
depends, often failing to capture the subtle contextual nuances that humans can
easily understand.
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Human experts

Al models (e.g. ChatGPT)

Aspect
Level Capabilities Level Capabilities
With strong ethical values, they Limited contextual understanding due to
Contextual . . . . .
. High navigate ethical dilemmas and ensure Limited | data dependency, lack of subtle contextual
understanding . .
responsible deployment of Al understanding
Strong intuition and creativity, Limited ethical considerations, risk of
Ethical considerations High generating new ideas and adapting to Limited | generating biased or inappropriate content
unique situations without ethical awareness
. . Limited creativity, mimicking creative
Excellent at interpreting the subtle L ¥ cang
.. .. . Lo - thinking through data-driven patterns,
Intuition and creativity High nuances of communication such as Limited . .
. absence of genuine authentic human
humor and emotional undertones ..
creativity
. . . L Difficulty in interpreting nuances due to
. . Highly skilled at detecting bias in data, . Yy P & nuan o
Interpreting nuances High . Limited their data-driven nature, risk of
language and narratives .. . .
misinterpretation and inaccuracy
. Embracing continuous learning and . Limited bias detection capabilities, risk of
Bias detection High acing ng Limited . . pa .
skills development over time reproducing biases present in training data
. . . Capable of continuous learning through
. . Embracing continuous learning and . .
Continuous learning Yes Yes updates and user feedback, improving

skills development over time

response and performance

Table 9.1. Comparison of roles between humans and Al
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However, integrating human expertise to address these limitations enables an Al
like ChatGPT to excel at narrowly defined tasks with the responsibility of wider
human supervision. With human virtues guiding technological progress, society
benefits from both human and Al capabilities.

9.2. Ethical harmony: ChatGPT in data analytics workflows

The responsible integration of generative Al, in particular conversational
systems like ChatGPT, into organizational data practices and machine learning
pipelines, requires a multifaceted approach focused on ethics. This approach
encompasses comprehensive planning, transparent deployment, continuous
supervision and the active involvement of ethical control. Let us take a closer look at
the various aspects of this approach in Table 9.2.

The integration of these four components provides a solid framework for
ensuring that ChatGPT is used both ethically and responsibly in data analytics
workflows. This approach promotes accountability, minimizes risk and maximizes
the benefits of Al technology, while aligning its application with ethical
considerations.

The overriding goal is to harness the transformative power of Al for positive
change while mitigating the potential for misuse or unforeseen consequences
(Sedkaoui 2023). In pursuit of this goal, several key strategies are employed
throughout the deployment process to ensure responsible use of Al and alignment
with ethical principles:

— Modeling of ethical threats and pre-mortem analysis: before deploying tools
like ChatGPT, it is crucial to conduct ethical threat modeling. This involves
identifying potential vectors of bias, equity issues or other harms based on the
intended use cases and data sources. Ethics committees can conduct pre-mortem
analyses to anticipate problems and develop mitigation strategies. For example, if
ChatGPT is used in data analytics to predict consumer behavior, ethical threat
modeling could identify concerns about reinforcing existing biases or making
decisions based on unreliable data.

— Inclusion of domain experts: the ongoing inclusion of domain experts and data
specialists throughout the interaction with ChatGPT is essential. These experts can
guide the AI’s interactions and validate its outputs before they are disseminated
downstream, where potential damage can occur. For example, if ChatGPT is being
used to analyze financial data for investment recommendations, the involvement of
financial experts can help ensure that the information provided is accurate and in line
with industry standards.
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Aspect

Specific tasks

Description

Complete planning

Defining use cases

Identifying specific areas where ChatGPT will be used for data analytics,
taking into account the organization’s needs and objectives

Risk assessment

Identifying and assessing the risks associated with using ChatGPT, such as
bias, confidentiality and negative consequences

Drawing up ethical guidelines

Developing ethical guidelines and principles to guide the use of ChatGPT,
addressing ethical concerns and establishing standards of conduct.

Open communication

Proactively communicating to internal and external stakeholders the
integration of ChatGPT into data analytics workflows

Transparent Technological information Providing detailed information on how ChatGPT works, including its
deployment sharing capabilities, limitations and data sources used

o Building trust by providing transparent details on how ChatGPT will be

Building trust . A .
used and by responding to stakeholders’ questions and concerns
Continuous . Regularly evaluating the results generated by ChatGPT in the context of
. Evaluation of results . . . .

monitoring data analytics by comparing predictions with ground truth sources
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Aspect Specific tasks Description
Identifying problems and Quickly identifying potential problems, such as bias or inconsistent results,
Continuous biases using automated detection techniques and manual reviews
monitoring Actively soliciting feedback from ChatGPT users to understand their

Collecting user feedback experiences, identifying areas for improvement and adjusting accordingly

Setting up a group of ethical experts to oversee and advise on the use of

Settin an ethics committee Lo .. - .
e up ChatGPT, reviewing decisions and making recommendations.

Regularly evaluating the use of ChatGPT to ensure that it complies with

Active cthical Usage review established ethical guidelines and does not present any ethical risks

supervision

Ensuring accountability by continuously monitoring the use of ChatGPT,
Maintaining liability taking corrective action where necessary and reporting transparently to
stakeholders

Table 9.2. Framework for the ethical deployment of ChatGPT in data workflows
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— Transparency and explicability: transparency and explicability are paramount
when the results generated by Al influence decisions or actions affecting individuals.
Stakeholders need to understand how outputs are produced and the uncertainties
associated with them. This builds trust and ensures that Al-generated
recommendations are accepted. For example, if ChatGPT is used to help make data-
driven policy decisions, parties need to know how the model arrived at its
conclusions in order to assess their reliability.

— Feedback loops for correction: after deployment, feedback loops are essential
for rapidly correcting errors and enabling learning. In the event of a problem, a
feedback mechanism enables prompt adjustments and improvements. For example,
if ChatGPT is used to analyze market trends, feedback from analysts and business
experts can help refine Al predictions and ensure they remain accurate over time.

— Human principles as a North Star: a human-centric approach is crucial.
Although Al has transformative capabilities, it is guided by the ethical compass of
human principles. This means putting human well-being, equity and responsible use
at the forefront of Al development and deployment. For example, if ChatGPT is
used for content moderation on a social media platform, the primary objective must
be to protect users from harmful content and foster a safe online environment.

To illustrate the integration of ethics, let us consider the example of sentiments
provided. When analyzing sentiments on social media using AI models, many
challenges require the involvement of human experts. These include interpreting
figurative language, taking into account cultural nuances, identifying dangerous
content and producing robust sentiment analyses.

For example, if an Al analyzes social media comments, it may struggle to detect
sarcasm or irony, leading to inaccurate sentiment analysis. This is where human
linguistic experts can help annotate training data to capture these nuances. Similarly,
if an Al is tasked with identifying sentiments in local slang or cultural references,
human moderators familiar with these aspects can ensure more accurate sentiment
classification.

It should therefore be noted that integrating ChatGPT into data workflows
introduces a series of ethical concerns that require particular attention. These
include: (i) issues of discrimination, (ii) protection of privacy, (iii) transparency, (iv)
data quality and (v) the complexity of analysis and user expertise.

Addressing these challenges is crucial to ensuring the ethical use of ChatGPT,
preserving the fairness, confidentiality and accuracy of data analytics (Sanderson
2023). These concerns include potential bias and discrimination in analysis results, the
need to protect sensitive information, the importance of transparency for informed
decision-making, the impact of data quality on reliable information, the suitability of
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ChatGPT for different levels of analysis complexity and the importance of user expertise
in the responsible interpretation of results. Addressing these aspects is essential to
navigating the ethical landscape surrounding ChatGPT’s role in data analytics.

In light of these considerations, a holistic approach to the ethical use of ChatGPT
in data analytics workflows involves several measures, as shown in Figure 9.1.

By adopting these steps, organizations can responsibly navigate the -ethical
landscape of integrating ChatGPT into data analytics workflows. This approach ensures
that ChatGPT’s analytical capabilities are leveraged to make informed and ethical
decisions, while avoiding the pitfalls of bias, privacy breaches and misinformation

9.3. Providing iterative feedback to improve ChatGPT

To align ChatGPT’s capabilities with business needs and maximize its usefulness,
a key priority is to establish continuous feedback channels between human users and
the Al system. This enables ChatGPT to continually learn from experience in context.

Helpful comments provide clear examples of inaccurate, biased or misaligned
responses to objectives, as well as explanatory advice on ideal results given the
trade-offs. Constructive criticism focuses on improving the system rather than
venting frustrations.

To measure the impact of feedback, organizations should track performance over
time. User panels and red teaming can provide valuable insights and help identify
potential problems.

Iterative feedback plays a central role in improving ChatGPT’s capabilities,
leading to its evolution towards more sophisticated and nuanced interactions
(Sedkaoui 2023). The feedback process is multi-faceted, and several key themes
emerge as essential elements of this undertaking:

— Specificity is crucial: when giving feedback, specificity is a cornerstone. Vague
praise or criticism does not offer the granularity needed for improvement. Providing
concrete examples that highlight the distinctions between desirable and undesirable
responses enables ChatGPT to effectively capture nuanced differences. Thanks to
these examples, the Al system can learn to navigate linguistic complexities. For
example, by using prompts such as: “This summary is too vague. Please provide more
details on key trends and metrics from the sales data”, ChatGPT is able to
understand specific expectations for precision and detail within data analytics. With
this type of feedback, Al can refine its responses by generating more in-depth
summaries and avoiding generalities.
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— Constructive advice for progress: beyond pointing out errors or pitfalls,
offering constructive advice steers ChatGPT towards progress. Suggesting potential
improvements does not just point out what is wrong, but provides a clear direction for
refinement. This allows ChatGPT to learn from its mistakes and make significant
progress towards improving the quality of its output. For example, constructive
advice such as: “The tone of this section seems too informal. Try using more formal
business language for this report”, offers valuable guidance to ChatGPT in adjusting
its writing style to suit the business context. By incorporating this type of feedback,
Al can gradually develop the ability to adapt to the nuances of tone and language
required in business documents, improving its relevance and quality for specific
uses.

— Perseverance and continuous learning: the feedback loop is not a one-off
affair, but requires patience and perseverance. Al systems like ChatGPT are
constantly learning and adapting. Continuous feedback over time provides the
consistent data points necessary for robust learning. It is essential to recognize that
perfection cannot be achieved overnight. Continuous progress, thanks to ongoing
collaboration between humans and Al, is the path to improvement. Patience and
perseverance in continually providing new examples over weeks and months are
crucial to help ChatGPT improve progressively. Even if initial responses do not
respond perfectly to expectations, this repeated and constant feedback allows the Al
to adapt and adjust its responses accordingly. This approach helps to reinforce
ChatGPT’s learning over the long term, evolving its ability to understand and generate
more accurate and contextually appropriate responses.

— Contextual relevance for practical utility: feedback is most effective when it
takes into account the context in which ChatGPT operates. By considering factors
like audience and purpose, use case and objectives, enhancements can be tailored to
the practical needs of the business. This ensures that Al training is not just focused
on general capabilities, but tailored to specific, real-world scenarios, enhancing its
practical usefulness. Thanks to feedback from development, deployment and
monitoring, ChatGPT evolves with the needs of users, unlocking possibilities that
were previously invisible. Considering context is essential for fine-tuning
ChatGPT’s performance. For example, by providing hints such as: “This content
seems too advanced for our blog audience. Simplify the language for a general
audience”, we guide ChatGPT to tailor its responses to the target audience. This
optimizes the relevance and comprehensibility of the content generated, ensuring
that it is tailored to the specific needs and objectives of the communication.

— Diversified feedback ecosystem: it is crucial to enrich feedback perspectives
beyond data teams. Diverse viewpoints offer a holistic perspective and help identify
potential blind spots and biases that might not be apparent from narrower
perspectives. A wider range of inputs promote a more balanced and unbiased Al
system. Encouraging diversity in feedback enriches ChatGPT’s training. For
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example, by soliciting perspectives from marketing and data science teams to
evaluate ChatGPT’s dashboard mock-ups and improve the presentation of both
points of view, different angles are integrated into the learning process. This holistic
approach helps identify potential gaps while ensuring that the system generates
responses that reflect a variety of perspectives and avoid biases.

— Feedback speed and automation: The speed at which feedback is integrated
into the recycling process is a critical factor in accelerating learning. Automation of
parts of the feedback loop can amplify the pace at which ChatGPT evolves. This rapid
integration of feedback leads to a tighter human-guided learning loop, ultimately
improving ChatGPT’s performances. By establishing an automated pipeline to transmit
new support ticket extracts to ChatGPT on a daily basis, feedback and system
learning are accelerated. This automation enables continuous improvement in the
accuracy of responses to queries. By taking advantage of this feedback speed,
ChatGPT can adjust its capabilities and optimize its results more quickly, thus
contributing to more refined performance and smoother interaction with users. The
key is to provide concrete illustrations based on real-life examples, as opposed to
abstract comments. This helps ChatGPT to capture the tangible improvements
expected from human guidance.

— Collaboration for mutual improvement: the crux of this iterative feedback lies
in collaboration. This is reciprocal improvement between humans and Al. As we
guide Al systems towards improvement, we also develop a deeper understanding of
their capabilities and limitations. This collaborative approach ensures that humans
and Al progress in tandem, harnessing each other’s strengths for mutual growth.
This human-centered collaboration is essential to evolving supervision. Ideally,
feedback pipelines capture both explicit corrections and implicit signals, such as
usage data and queries. Feedback is further aggregated, analyzed and used to
broaden the diversity of training data (Sedkaoui 2023).

For better alignment, business stakeholders can provide open contributions, not
just data teams. Continuous user feedback combined with proactive governance
enables ChatGPT to evolve responsibly.

The iterative feedback loop is a dynamic process that fuels ChatGPT’s evolution.
Thanks to specificity, constructive advice, patience, contextual relevance, diversity
of perspectives, automated comments and collaborative principles, we can build Al
systems that are not only capable, but tailored to human needs and aspirations.

This collaboration between humans and Al embodies a shared journey towards a
future where both entities progress harmoniously. The future is one in which humans
and Al are mutually uplifting one another.
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9.4. Addressing ethical concerns and biases when using ChatGPT in
data analytics

Integrating Al, such as ChatGPT, into data analytics workflows presents both
incredible opportunities and profound challenges that need to be addressed with the
utmost care. As we leverage the capabilities of Al to improve analytical processes, it
becomes essential to establish robust governance mechanisms to mitigate the risks
that may arise. These risks involve unforeseen negative outcomes, biases and the
potential for misuse when Al operates without appropriate supervision.

While Al systems like ChatGPT can undoubtedly improve analytical throughput
and provide valuable insights, they also have the potential to exacerbate existing
biases or introduce new distortions that compromise fairness and justice. This
highlights the importance of responsible design and active monitoring to ensure that
Al-based analyses comply with ethical norms and values.

Human monitoring throughout the Al pipeline is essential. This implies carefully
curating unbiased and representative training data, assessing the behavior of Al
models, conducting fairness audits and continuously monitoring their results. Subject
matter experts play a crucial role in identifying potential damage during risk
assessments and in setting rigorous standards to prevent abuse.

Transparency and explicability are the cornerstones of the ethical integration of Al
Clear documentation describing ChatGPT’s capabilities, limitations and uncertainties
is essential for building trust and accountability. Users and stakeholders need to
understand how predictions are made and be able to trace them back to underlying
rationale and data.

A crucial aspect of responsible Al integration is the establishment of continuous
feedback loops. These loops facilitate rapid correction and learning from mistakes,
ensuring that Al systems improve over time. The contribution of a diverse ethics
panel representing different communities is invaluable in guiding the evolution of Al
practices, so that they are more aligned with diverse perspectives and values.

Developing strategies for the responsible and ethical use of ChatGPT in data
analytics is essential to exploit its potential while protecting against unintentional
prejudice and bias. Mitigating the risk of bias requires a holistic approach that covers
the entire machine learning pipeline.

Starting with data collection, it is crucial to ensure the diversity and
inclusiveness of sources, minimizing biased representations that could perpetuate
prejudice against under-represented groups. Regular audits throughout model
development serve as an early warning system, identifying signs of injustice before



156  Automated Data Analytics

they manifest themselves in real-world applications. In addition, continuous
monitoring of live predictions is crucial for detecting and rapidly dealing with
emerging discriminatory patterns.

The transparency of models is another key pillar. Highlighting the origins and
rationale of ChatGPT results promotes user confidence and understanding. This can be
achieved by attaching explanations, confidence estimates and references to training
data, thus enhancing the transparency of the model’s behavior. Such transparency not
only helps users to understand how predictions are made but also facilitates the
identification and resolution of undesirable biases.

Recognizing the agency of individuals is essential to the ethical use of Al
Consent mechanisms allow users to control the application of their data by ensuring
that they have a say in how their information is used. Participatory design processes,
involving the people concerned in the development of model behaviors, ensure that Al
systems meet human needs and values. By prioritizing user empowerment over
potential exploitation, Al becomes a tool for the improvement of society.

Security and confidentiality safeguards play a crucial role in preventing abuse.
Implementing strict access controls, encryption and clear policies for acceptable use
cases based on data types prevents sensitive information from falling into the wrong
hands. By linking ChatGPT’s capabilities to ethical principles and human values, the
potential for abuse is significantly reduced.

Developing approaches to ensure the responsible and ethical use of ChatGPT in
data analytics is of paramount importance. This process allows us to take advantage of
ChatGPT’s capabilities while preventing the risks of harm and unintentional bias
(Sedkaoui 2023).

Here are some additional approaches to encourage the ethical and responsible
use of ChatGPT in the field of data analytics:

—emphasize the importance of setting up ethics committees and governance
within organizations to oversee Al initiatives;

— discuss the integration of algorithmic fairness principles in the design of Al
systems, such as ensuring correctness, harmlessness and transparency;

—address the importance of ethical training for Al at all levels of the
organization to anchor a culture of responsibility;

— highlight the need to continually test Al systems using techniques such as red
teaming to identify blind spots;
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— emphasize that Al must remain a tool in the service of human objectives, rather
than an end in itself;

— discuss approaches to making Al systems more robust and safe, such as
reinforcement learning based on ethical rewards.

Ethical deployment of Al systems like ChatGPT rests on the foundation of
human values. This requires a deliberate effort to align technological progress with
principles such as dignity, justice and autonomy. By infusing human wisdom into the
design, development and governance of Al systems, we direct their capabilities
towards equitable and beneficial outcomes that uplift society as a whole.

9.5. Ensuring fairness, transparency and accountability in automated
data analytics

ChatGPT has attracted widespread attention for its wide range of applications,
ranging from idea generation and marketing content development to code debugging
and data analytics.

However, amidst the rush towards generative AI, many questions remain,
particularly concerning the potential risks and benefits associated with this technology.
While ChatGPT’s real-world utility has left many impressed, there are deeper and
more challenging implications of Al advances that have yet to be fully explored.

For example, an important and unresolved question persists: what are the
consequences if ChatGPT empowers people who may not be prepared or inclined to
use this technology responsibly?

Although it is not explicitly designed to make programming accessible to the
general public, ChatGPT is known to generate code (Bai et al. 2021), including
potentially malicious code provoked by nefarious actors on the dark web.

Now, let us turn our attention to machine learning: can ChatGPT be exploited to
build a viable machine learning model, and potentially function as a machine learning
engineer? Is it capable of making substantial contributions to the future of this field?

Responsible integration of Al-assisted data analytics requires a holistic approach
that embraces fairness, transparency and accountability in all of an organization’s
machine learning practices and pipelines. By adopting proactive governance
strategies, organizations can effectively mitigate the potential damage resulting from
bias, opacity and misuse, thereby aligning AI’s transformative capabilities with
ethical principles.
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Overall, to guarantee fairness, transparency and accountability in data analytics,
several key aspects come into play.

Above all, the involvement of human auditors is essential. These auditors must
carefully examine the results of automated analyses for any signs of bias or
unfairness before they are released. Rigorous testing processes, including red
teaming, must be implemented to identify and correct Al system flaws.
Organizations must also place a strong emphasis on diversifying their training data
and on the continuous retraining of their models to maintain equity over time,
adapting to changing conditions and new challenges.

Radical transparency is another crucial aspect. To establish trust in automated
information, full documentation must be provided, describing the capabilities,
constraints and uncertainties associated with the analysis results (Sedkaoui and
Khelfaoui 2020). Model behaviors must be transparent, explainable and
reproducible. In addition, organizations must facilitate information traceability by
enabling data mining that feeds automated analyses, ensuring that each conclusion is
anchored in accurate and reliable information.

In addition, constructive feedback loops are essential in the post-deployment
phase. These feedback mechanisms make it possible to quickly identify and rectify
any problems that may arise in the Al system’s performance. Establishing a
diversified ethics panel can provide multi-dimensional advice, ensuring that the
evolution of Al is aligned with inclusive values. Automated reporting can track
model performance on fairness measures over time, promoting accountability and
progress.

By adopting a holistic approach that integrates foresight and ethically guided
reactive controls, organizations can harness the full potential of automated analysis
to positively transform their operations. However, it is essential to maintain a solid
foundation in human principles to ensure that advances made through Al remain
rooted in ethical considerations.

In addition to the strategies described above, ensuring fairness, transparency and
accountability in automated data analytics involves several other practices. One key
aspect is the use of diverse datasets for training. Ensuring that training data are
representative of a variety of viewpoints and perspectives can significantly reduce
the likelihood of bias in the analysis results. In addition, human monitoring plays an
essential role in identifying and resolving potential biases and problems. Human
review and assessment can provide an additional level of control to ensure
responsible use of automated data analytics tools.
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Transparency concerning the limits of automated data analytics is equally
important (Sedkaoui 2018a). Users and stakeholders must be made aware of the
potential for bias and misuse inherent in these tools. This awareness enables users to
interpret results responsibly and make informed decisions based on an understanding
of the overall analysis process.

The integration of these strategies and practices ensures that automated data
analytics is carried out fairly, transparently and responsibly. Fairness, transparency and
accountability are not only ethical imperatives, they are also essential for building
trust in Al systems and preventing discrimination, misinformation and other negative
outcomes.

To illustrate these concepts, let us take an example involving an organization that
uses an Al-based system to analyze job applications. Without good governance, the
system could inadvertently favor certain data demographics or be biased against
others. By following comprehensive integration strategies, the organization can
ensure that the system is trained on diverse datasets, reviewed by human auditors and
transparently documented. This approach minimizes the risk of bias, promotes
fairness and enables accountability in the hiring process.

Table 9.3 summarizes the strategies and their corresponding examples.

Strategy Example

Human auditors Examination of automated analysis results for signs of bias

Rigorous testing Red teaming to detect vulnerabilities

Various training data Ensuring that training data include a variety of viewpoints

Radical transparency Document capacities, constraints and uncertainties

Enabling users to trace back the analysis to the underlying

Information traceability data

Constructive feedback

loops Integrating user feedback for continuous improvement

Bringing together diverse perspectives to guide the evolution

Ethics committee of AT

Automated reporting

Monitoring model performance on equity measures

Human surveillance

Conducting human reviews to ensure responsible use

Transparency of limits

Making users aware of potential limitations and biases

Table 9.3. Strategies for fair and ethical automated data analytics
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By adopting these practices, organizations can create Al systems that align with
ethical principles, promote transparency and contribute to fair results in data
analytics. The symbiosis of Al capability and human wisdom, when guided by
ethical considerations, paves the way for responsible and positive transformations in
various fields.

To conclude this chapter, let us stress the importance of always placing ethical
considerations in the foreground of the development and use of ChatGPT for data
analytics. Although promising, this technology must be managed wisely for the
benefit of all.

At the end of this book, let us remember that by combining human creativity and
the power of Al in a careful and thoughtful manner, the future of data analytics will
hold fascinating potential. Let us resolutely pursue this quest for augmented and
responsible analysis, where the human mind guides and enhances algorithmic
prowess. The time has come to begin this exciting journey, hand in hand with our
conscience.



Conclusion

The era of automation is upon us. Various tasks and processes that previously
required considerable human effort and time are now augmented or can be fully
managed by Al agents. Data analytics is one of these areas experiencing a
transformative change thanks to Al. Specifically, generative language models, such
as ChatGPT, automate parts of the data analytics workflow that are repetitive,
tedious or require exhaustive computational power.

This work highlights the enormous potential of using ChatGPT and similar
generative Al to automate data analytics. We are witnessing an era where human data
scientists can collaborate with Al assistants to accelerate and improve analysis. When
properly developed with care, foresight and ethics, these Al systems can become
trusted analytical partners rather than job-stealing adversaries.

Generative models like ChatGPT have certain superhuman capabilities that make
them ideal for automating aspects of data analytics when guided by human
judgment. Firstly, their insatiable memory and computational speed enable
exhaustive analysis of massive datasets beyond human scale. Secondly, their tireless
nature offers 24/7 analytical capacity without fatigue. Thirdly, their algorithmic
nature ensures consistency in repetitive tasks, unlike bored or distracted humans.

However, these still require extensive training under human supervision to
become fully fledged data analytics assistants. Like a child learning from its parents,
ChatGPT needs to be nurtured with the appropriate analytical knowledge, tasks,
examples and ethics to become a responsible and trustworthy partner. Data scientists
need to teach it every step of the way — data cleaning, functionality engineering,
modeling, evaluation, explanation, etc.

With extensive experience in diverse datasets, ChatGPT can move from
mechanical memorization of instructions to a true understanding of the principles,
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trade offs and best practices underlying analytical workflows. This conceptual
understanding enables ChatGPT to adaptively select optimal techniques for new
datasets and scenarios based on learned reasoning.

Yet, despite such training, ChatGPT still lacks the generalized intelligence that is
uniquely human — abstract thinking, adaptability, common sense, judgment, values.
It focuses narrowly on excelling at tasks within its training domain rather than a
comprehensive understanding of their real-world implications. This is where human
creativity and wisdom become so crucial when deploying generative Al.

Humans must supervise and collaborate with ChatGPT to enforce the purpose,
ethics and responsibility of its analytical automation. Unchecked, in the wrong
hands, such powerful Al tools could be misused in dangerous ways without human
conscience as a guide. We must be vigilant parents thoughtfully nurturing the Al
child.

The key is to combine the complementary strengths of humans and Al to achieve
synergies beyond either. Human creativity, ethics, insight and oversight, along with
Al’s tireless precision, speed and exhaustive computation, can enable analysis of
new scales and depths. But humans must remain an active partner in guiding Al

For example, the data scientist can creatively define the initial problem, by asking
ChatGPT to analyze a dataset for trends, correlations and patterns. ChatGPT quickly
crunches the numbers, rigorously testing hypotheses exponentially faster than humans
manually can. It generates insights, highlights significant patterns and explains the
underlying reasoning.

Humans then assess whether the analysis is complete and the ethical implications
are sound. We assess whether biases or limitations have affected the insights, guided
by our intuition. Human creativity also gives rise to new angles of analysis not
contained in the original prompt. We can then ask ChatGPT to study these new
perspectives.

Such symbiotic collaboration, each bringing its strengths, can speed up and
considerably improve analysis. But human oversight guarantees that analysis remains
thoughtful, ethical and responsible. Neither humans nor Al alone can match their
combined potential — a bit like Tony Stark and Iron Man dressing as one.

This demonstrates the crucial balance in automated data analytics. We can enable
Al, like ChatGPT, to autonomously take on repetitive and tedious tasks that exceed
human capabilities — data cleaning, transformation, model validation. But we must
keep humans in the conductive, creative and ethical driver’s seat to define problems,
set goals, critically interpret ideas and continuously improve Al
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The ideal ratio is the minimum human effort required for monitoring combined
with the maximum delegated autonomy appropriate to Al. This maximizes the
power of Al automation under conscientious human guidance. With experience and
advancement, ChatGPT’s analytical skills will continue to improve, enabling greater
delegation of responsibility gradually under human supervision.

However, automated analysis is not just about using Al to better understand data.
The process of training models like ChatGPT also advances human knowledge and
intelligence. Explaining step-by-step tasks to an Al assistant forces us to deeply
understand and formalize domains in structured frameworks. The distillation of

complex complicated problems into coherent workflows also crystallizes fuzzy human
thinking.

Developing Al models grounded in principles, ethics and responsibility requires
us to explicitly articulate values, objectivity, biases, hypotheses and best practices.
The cleaning and preparation of big data training sets expose special cases and flaws
in human logic when contradictions emerge. Teaching an empty vessel like ChatGPT
through examples enhances the mastery, judgment and responsibility of the teacher.

So, just as automation is supposed to improve data analytics exponentially
through Al, the development of such automation also improves human intelligence,
responsibility and formalized knowledge. This requires us to codify the hitherto
unstructured analytics profession into principled frameworks, structured workflows
and proven best practices.

In conclusion, the automation of data analytics via generative Al promises to usher
in a new era, where human and machine intelligences combine for more ethical,
creative and accelerated discovery from data. But we are still at the very beginning
of this journey, like raising a newborn baby full of potential.

There are certainly risks if such powerful and rapidly evolving Al systems are not
thoughtfully developed with human wisdom and ethics firmly under control. There are
also calls from profit-driven companies and misguided futurists to automate
everything as soon as possible without regard for human well-being. Such unbridled
automation could turn Al into an adversary rather than an ally.

But with careful and responsible development, we can create Al assistants that
make analysis more accessible, reproducible, shareable and ethical — opening up
data insights to a wider audience for the common good. The future is not one in
which Al replaces humans; on the contrary, it will increase creativity and ethics with
Al’s productivity and rigor.
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There will undoubtedly be disruption, as traditional analysis tasks are outsourced
to Al partners. But history shows that the societal long-term impact of automation is
to enable humanity to reach new heights, not to make us obsolete. Just as past
breakthroughs, such as engines and computers, have given us superhuman physical
and mental capabilities, Al can provide data analytics superpowers.

The sustainable solution is not to resist automation, but to manage its impact
responsibly through social adaptation and education. We must continue to advance
human creativity, ethics, empathy and wisdom to prosper alongside Al analytical
assistants. Parents, educators and leaders have a crucial role to play in preparing
society for an automated, Al-infused world by emphasizing our unique human spirit.

And those who build analytical Al have an ethical obligation to make it
transparent, safe and consistent with human values. We need to monitor its behavior,
minimize harmful biases and prevent misuse. There will be a critical need for Al
safety research, certification standards and governance frameworks as adoption
accelerates.

This first era of automated data analytics will set important precedents for the
future development and integration of intelligent generative Al models. We have a
profound responsibility, as well as the opportunity to wisely chart the way forward.
By elevating ethics and human knowledge alongside analytical Al, we can enter the
era of augmented intelligence — humans and Als synergizing their complementary
strengths for the common good.

The future remains undetermined. Fears of Al antagonism or singularity are
unlikely in the foreseeable future. But with careful and ethical development, we can
instead create Al collaborators serving under human guidance. Models like
ChatGPT are still impressionable children who learn from us. Let us cultivate their
productive potential while emphasizing human spiritual values beyond analytics.

If we plant the right seeds today, combining human creativity, ethics and wisdom
with the productivity and rigor of Al, we can cultivate a bright future where the
symbiosis of both intelligences benefits all humanity. The mission of data scientists
and Al developers must be to advance beneficial intelligence — both human and
artificial.

Automating analysis with tools like ChatGPT is just the first step in the eternal
quest for human progress through creative, ethical, responsible and empowering
innovation. We shape our tools; then, our tools shape us. So let us dream big, but
proceed carefully. If we walk hand in hand with human consciousness guiding
artificial analytical power, the greatest possibilities lie ahead for limitless
collaborative discovery!
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Appendix 1

Prompt Repositories for the Analysis
Process Using ChatGPT

This repository brings together a series of prompts to guide ChatGPT through the
data analytics process. It is divided into several categories, each comprising prompts
specific to particular tasks. These prompts have been developed with a view to being
as precise as possible, while being adaptable enough to fit various projects. The
main objective is to provide users with a starting point for their data analytics
projects, without imposing predefined steps. It is important to note that this
repository is not intended as a substitute for a full data analytics course or textbook.
Nevertheless, it can be an invaluable resource for data analysts wishing to initiate a
new project or unblock an ongoing situation.

A1.1. Data collection
A1.1.1. Identifying data sources

— Could you suggest potential data sources relevant to [your analysis objective]?

—1 am looking for [datasets] related to [your topic of interest]. Any
recommendations?

— Where can I find [reliable data sources] about [your topic]?

— Could you help me identify the [main sources] of data for my [specific analysis
project]?

—1I am interested in [gathering data] for [your analysis objective]. Any ideas on
how to get started?
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A1.1.2. Collecting data
— What are some [effective data collection methods] that I can use to obtain
[specific data]?

— Could you guide me through [data collection] using [a relevant data collection
method] for my [current project]?

— What tools or APIs are suitable for [retrieving data] related to [the extent of
your analysis]?

— How should I go about [acquiring data] from [a specific source] for my [type
of analysis]?

—1I plan to [collect data] for [your objective]. Any advice on best practices and
[data collection tools]?

A1.2. Data preparation
A1.2.1. Cleaning data

— What are the [common data quality problems] I need to solve when [cleaning
data] for [a specific analysis]?

— Can you give me some advice on [data cleaning] to ensure [data integrity] in
[your analysis context]?

— How can I manage [missing values] effectively when [pre-processing data] for
[your analysis objective]?

— What steps should I take to [clean and pre-process the data] while working on
[a specific analysis]?

— I am in the process of [data cleaning] for [current project]. Any tips for dealing
with [data inconsistencies] and [errors]?

A1.2.2. Data transformation
—How can I [convert textual data into numerical values] for [quantitative
analysis]?

— Could you show me how to [normalize data values] for [a fair comparison] in
[your project]?

— What steps should I take to [group the data] into [meaningful categories], in
order to [simplify the analysis]?
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— I am confronted with [data in the wrong format]. How should I [transform data
formats] to make them compatible with [your analysis model]?

— What are the common methods for [performing mathematical operations on
data], in order to [generate new variables] for [my analysis objective]?

A1.2.3. Handling missing variables
—How can I [identify missing values] in [my data] and decide on [the best
approach to deal with them] in [your project]?

— Could you guide me through [the different methods for dealing with missing
values] and [their potential impact on the analysis]?

— What strategies should I adopt to [impute missing values] [consistently and
reliably] in [your data]?

—1I noticed [missing values in my dataset]. How should I [decide whether to
delete, impute or retain them] for [analysis]?

— What are the advantages and disadvantages of [different imputation techniques
for missing values] for [your data] and [your analysis objectives]?

A1.2.4. Outlier management
— What are the steps for [identifying outliers] in [your data] and [determining if
they need to be corrected] for [your analysis]?

— Could you show me how to [use statistical methods] to [detect outliers] and
[assess their impact on the analysis]?

— How can I [deal with outliers] in an [appropriate] way, in order to [minimize
their influence on the results] in [your project]?

—1 have spotted [outliers that could affect my results]. How should I [decide
whether to correct, delete or retain them] for [your analysis]?

— What are the best practices for [managing outliers] while [maintaining the
integrity of your data] and [analysis objectives]?
A1.2.5. Data formatting

— What is the best approach for [organizing data] into [tabular structures], to
facilitate [data analytics] for [your objective]?
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— Can you give me some advice on [data formatting] for [a smooth analysis] using
[formats compatible] with [your analysis tool]?

—How should I [convert data types] appropriately [when preparing data] to
[ensure consistency] with [the analysis model]?

—1I work with [unstructured data]. What steps should I take to [organize them]
into [structured formats] for [more efficient exploration]?

— What are the key steps for [formatting raw data] into [clean, understandable
formats] for [the analysis objective]?

A1.3. Coding
A1.3.1. Data handling with coding
— What are the [common data manipulation methods with coding] to [prepare

data for analysis]?

— Could you explain to me [how I can filter, sort and group data] using [coding]
to [improve the quality of my data]?

—How can I [merge datasets] and [perform transform operations] using [coding]
to [facilitate the analysis]?

— What [advanced data cleaning techniques] can I perform with [coding] to
[improve the quality of my data]?

— I have disorganized data. How can I [use coding to prepare them] for [analysis]
and [ensure consistency]?

A1.3.2. Task automation with coding
—How can I [automate repetitive tasks] in [data analytics] using [coding] to
[save time]?

— Could you show me how to [create automated scripts] using [coding] to
[perform complex tasks] in [your data]?

—How can [coding be used] to [automate data cleaning, transformation and
preparation] in [your analysis workflow]?

— What are the [best practices for automating tasks] with [coding] to [maximize
analysis efficiency]?

—1 would like to [automate certain parts of my analysis process]. How can I
[integrate coding] to [accomplish this] in an [efficient] way?
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A1.3.3. Handling missing values with coding

— How can I [use coding to handle missing values] in [my data] [efficiently]?

— Could you explain to me [the techniques for imputing missing values] that I can
apply with [coding] to [maintain data integrity]?

—How can [coding help] to [identify missing values] and [decide on the best
imputation approaches] in [your data]?

— What are the [common methods for handling missing values with coding] that
guarantee [reliable results] in [analysis]?

—1I have [missing values in my dataset]. How can I [apply coding] to [process
these values efficiently] while [preserving data integrity]?

A1.4. SQL queries
A1.4.1. SQL base

— How can I [get started with SQL] to [efficiently manipulate databases] in [data
analytics]?

— Could you explain to me [the fundamentals of SQL] and [how it can be useful]
for [querying databases] in [the context of analysis]?

— What are the recommended resources for [learning SQL] to [facilitate my
analysis work] and [use data]?

—How can [SQL contribute] to [optimizing my queries] and [extract relevant
information] for [my analysis projects]?

—1 have little experience of SQL. How can I [start learning] and [apply it
effectively] to [data analytics]?

A1.4.2. Data selection and filtering with SQL

— What are the [data selection and filtering methods] I can use with [SQL] to
[extract specific records]?

— Could you show me how to [perform selection queries] using [SQL] to [filter
data] according to [my criteria]?

—How can I [select specific columns] and [apply filtering conditions] with
[SQL] to [optimize data analytics]?
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— What [advanced filtering techniques] can I apply with [SQL] to [extract
relevant data] in [your analysis projects]?

—1 have got voluminous data. How can I [efficiently select and filter] using
[SQL] to [work on subsets] in [my analyses]?

A1.4.3. Aggregation and grouping with SQL
—How can I [aggregate data] and [summarize information] using [SQL] to
[obtain global statistics]?

— Could you explain to me [how to perform aggregation operations] using [SQL]
to [group and summarize data] according to [specific criteria]?

—How can [SQL be used] to [calculate sums, averages and other aggregates] in
[your datasets]?

— What [advanced aggregation methods] can I use with [SQL] to [analyze large
datasets]?

—1I need to [calculate aggregate statistics] for [my analysis projects]. How can I
[use SQL] to [get accurate results] for [my needs]?

A1.4.4. Joining tables with SQL
—How can I [join tables] and [combine data] using [SQL] to [get a complete
view] in [data analytics]?

— Could you show me how to [perform joins between tables] using [SQL] to
[combine information] from [different sources]?

—How can I [perform internal and external joins] with [SQL] to [merge data]
according to [specific criteria]?

— What [advanced table join techniques] can I use with [SQL] to [combine
complex data] in [your analysis projects]?

— I have [separate data tables] and I want to [merge them]. How can I [use SQL]
to [perform efficient joins] and [get integrated data] in [my analyses]?
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A1.5. Data processing and analysis
A1.5.1. Exploring data

— How can I [start exploring the data] to [understand the distribution] and [trends]
in [my dataset]?

— Could you help me to [explore my data] using [exploratory methods] to
[discover patterns] and [anomalies]?

— What are the [essential steps for data mining] that I should follow to [gain
insights] in [my analysis projects]?

—How can I [use visualizations] and [descriptive statistics] to [explore my data]
[efficiently and informatively]?

—1 have complex data. How can I [perform an in-depth exploration] using
[different techniques] to [reveal hidden information] in [my analyses]?

A1.5.2. Automation of the analysis process

—How can I [automate the modeling process] by [using scripts] to [speed up
iterations]?

— Could you show me how to [set up automation] to [reduce modeling time]
while [maintaining quality]?

— What are the [best practices for automating modeling] that will enable me to
[optimize resource use]?

—How can I [develop automated workflows] to [quickly experiment with
different models] and [identify the best options]?

—1 have [several models to develop] and I want to [automate the modeling
process]. How can I [use tools and scripts] to [save time and improve efficiency]?

A1.5.3. Coding for data analytics

— How can I [use coding] to [optimize data analytics] in [my current project]?

— Could you help me [integrate coding] into [my analysis] to [automate tasks]
and [increase efficiency]?

— What are the [steps for coding] that will help me [process the data] and [create
customized solutions]?
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—How can I [apply scripts and codes] to [transform and analyze data] using
[coding methods]?

—1 have [complex analysis tasks] and I want to [use coding]. How can I [adopt
effective coding approaches] to [improve my analyses]?

A1.5.4. Creating advanced functions
—How can I [develop advanced functionalities] from [my existing data] to
[enrich my analysis]?

—Could you help me [create new variables] using [clever combinations] of
[existing data] to [better understand the relationships]?

— What [feature creation methods] can I use to [improve the accuracy] of [my
predictive models]?

— How can I [extract meaningful information] from [my data] to [create relevant
indicators] in [my analyses]?

—1I need [specific features] for [my analyses]. How can I [design suitable
variables] by [intelligently exploiting the data]?

A1.6. Feature engineering
A1.6.1. Creating new features
— How can I [generate new features] from [existing datasets] to [improve model

performance]?

— Could you give me some examples of [techniques for creating features] that
[can enrich my data] and [add relevant information]?

— What are the key steps in [developing new features] by [using methods such as
transformation or combination]?

—1 need [additional features] to [improve my model]. How can I [efficiently
create new features] by [taking into account the relationship between the data]?

—1 want to [enrich my data] by [developing new features]. What are the
[common approaches to feature creation] that I might consider?
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A1.6.2. Selecting features
—How can I [select the most relevant features] for [my model] by [reducing
dimensionality]?

— Could you give me some advice on [feature selection] to [optimize model
performance] while [avoiding overload]?

— What [feature selection criteria] should I use to [choose the most influential
variables]?

—1I have [many features] and I want to [select the most important]. How can I
[apply selection techniques] to [simplify my model]?

— I want to [refine my model] by [carefully selecting features]. What are the [key
steps for selecting features] that [will contribute most to the model’s performance]?

A1.6.3. Putting data in order
— What is the [optimal method for sorting] and [organizing data] for [my analysis
needs]?

—Could you show me how to [order my data] using [specific criteria] to
[facilitate analysis]?

—How can I [reorganize and classify] my data in [ascending or descending
order] for [better understanding]?

— What are the [steps I need to take to put my data in order] using [efficient
methods] to [optimize my analyses]?

—1I have disorganized data. How can I [apply efficient sorting] to [organize my
data] for [smoother analysis]?

A1.6.4. Merging data

—How can I [merge different sources of data] into [a single data source] for [a
complete analysis]?

—Could you help me to [combine data] from [several sources] using [fusion
techniques] to [consolidate information]?

— What are the [best practices for data fusion] I should follow to [integrate
datasets] in [my analysis projects]?

—How can I [apply merge operations] by [using merge keys] to [join data] and
[obtain consistent results]?
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— I have [separate datasets] that I want to [merge for analysis]. How can I [achieve
efficient mergers] using [appropriate methods] in [my analyses]?

A1.7. Modeling
A1.7.1. Selecting a model

—How can I [select a suitable model] for [my specific analysis project]?

— Would you be able to help me [choose the best model] based on [my data] and
[my goal]?

— What are the [key steps for choosing a model] that will enable me to [make
informed decisions] for [my analyses]?

— How can I [evaluate different model options] using [relevant criteria] to [find
the best solution]?

— I have [different types of models] in mind. How can I [select the most suitable
model] for [my analysis needs]?

A1.7.2. Training a model
—How can I [start training a model] using [my training data] to [get accurate
results]?

—Could you help me to [set up the training process] by [using the right
hyperparameters] to [improve performance]?

— What are the [essential steps for training a model] that will enable me to [create
an effective model] for [my analyses]?

—How do I [adjust settings] and [monitor the training process] to [optimize
convergence]?

—1I have [training data] and I want to [train a model]. How can I [train] using
[quality methods] to [get good results]?

A1.7.3. Evaluating a model
—How can I [evaluate the performance of a model] by [using appropriate
metrics] to [measure its effectiveness]?

— Could you help me [analyze the model’s results] by [interpreting the metrics]
to [determine its performance]?
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— What are the [crucial steps for evaluating a model] that will help me
[understand its accuracy] and [its adaptability]?

—How can I [compare model predictions] with [actual values] by [using
evaluation techniques] to [validate its reliability]?

—1I have [trained a model] and I want to [evaluate its performance]. How can |
[analyze its results] using [relevant criteria] for [my analysis projects]?

A1.7.4. Model validation and readjustment
—How can [ [validate the performance] of [my analysis models] to [guarantee
their reliability]?

— Could you show me how to [assess the quality] of [my models] by [using
appropriate metrics] to [select the best model]?

— What are the [steps for model validation] I need to follow to [ensure accurate
predictions] in [my analysis projects]?

—How can I [adjust the hyperparameters] of [my models] by [optimizing their
performance] to [obtain robust results]?

—1I would like to [improve the accuracy of my models]. How can I [validate and
adjust my models] by [using cross-validation methods] and [adjustment techniques]?

A1.7.5. Re-training a model
— When is it appropriate to [re-train a model] in relation to [data evolution] or
[improved performance]?

—How can I [update an existing model] by [incorporating new data] while
[maintaining its accuracy]?

— What are the [key steps for re-training a model] using [current data] to
[maintain its relevance]?

—Could you help me understand how to [re-train a model] by [adapting
hyperparameters] to [optimize results]?

— I have an existing model that I want to [improve with new data]. How can I [re-
train the model] to [optimize its performance] and [integrate new information]?
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A1.8. Data visualization
A1.8.1. Suggesting graphics
— Could you help me [choose the appropriate types of graphs] to [effectively

represent the data] in [my analysis context]?

— What are the [recommended graphics] for [visualizing relationships] between
[different variables] when [exploring data]?

—How can I [select relevant graphics] to [highlight patterns] and [communicate
insights] from [my data]?

— I have [various variables to visualize] and I am looking for advice on [the most
suitable graphs] to [highlight trends]. Any suggestions?

— What are the [best practices for selecting graphs] that will enable me to [clearly
present the data] in [my analysis reports]?

A1.8.2. Identifying trends
—How can I [recognize trends] in [my data] using [effective visualization
methods]?

— Could you show me how to [detect trends] from [data graphics] using [key
indicators]?

— What types of [trend graphs] should I use to [highlight changes] over time?

—1 would like to [highlight trends] in [my data]. What techniques for [trend
visualization] do you recommend?

—How can I [use visualizations to quickly identify] [patterns and trends] that
could influence [my analysis decisions]?

A1.8.3. Creating visualizations
—How can I [build visualizations] from [my data] using [visualization tools]
such as [tool name]?

— Could you guide me through the process of [creating visualizations] using
[visualization libraries] to [display results]?

— What are the [basic steps for creating visualizations] that will allow me to
[communicate insights effectively]?
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—1 would like to [create attractive graphics] for [my data]. What are [the key
principles] for [making my visualizations clear and informative]?

—How can I [use visualization creation tools] to [transform my data into
graphics] and [improve presentation] in [my analysis reports]?

A1.9. Analysis documentation
A1.9.1. Designing a successful analysis report
—How can I [effectively document my analysis] to [ensure traceability of steps]

and [facilitate collaboration]?

— Could you show me how to [create clear documentation] to [explain my
analysis decisions] and [make the process transparent]?

— What [essential documentation steps] should I follow to [communicate my
results] in an [understandable and concise] way?

—How can I [structure my analysis report] to [inform stakeholders] of [steps
taken] and [key findings]?

—1I need to [document my analysis results] in a [professional and convincing
way|. What are the [best practices] to follow in order to [present my findings] in an
[impactful] way?

A1.9.2. Making the analysis reproducible

— How can I [guarantee the reproducibility of my analysis] by [recording codes
and steps] to [enable others to reproduce my results]?

— Could you show me how to [set up a reproducible environment] to [avoid
dependency problems] when [reproducing the analysis]?

— What are the [key steps for making my analysis reproducible], so that [others
can check my results] and [add improvements]?

—How can I [organize my analysis project] to [facilitate reproducibility] and
[avoid common mistakes]?

—1I need help to [make my analysis reproducible]. Could you guide me through
[best practices for documenting my code] and [creating a reproducible
environment]?
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A1.9.3. Presentation of results
— How can I [present my analysis results visually] to [captivate the audience] and
[communicate insights effectively]?

— Could you show me some [data visualization techniques] that are [effective in
highlighting trends] and [facilitating understanding]?

— What are the [best practices for creating graphs and tables] that [highlight the
key points] of my analysis?

—How can I [adapt my presentation to suit the audience] to [disseminate the
relevant information] in an [impactful and persuasive] way?

—1 would like to [improve the presentation of my results] to [make my analysis
more engaging]. Any tips for [generating interest] and [clarifying messages] through
data visualization?

A1.10. Forecasting trends and time series
A1.10.1. Predicting trends

— How can I [predict trends] in [temporal data] to [anticipate trends]?

— Could you help me to [use predictive models] to [identify emerging trends] in
[my time series]?

— What are the [key steps to forecasting trends] that will allow me to [make
projections] and [make informed decisions]?

—How can I [use forecasting methods] to [anticipate future movements] and
[identify patterns] in [my temporal data]?

—1 have [temporal data] and I want to [predict trends]. How can I [apply
forecasting techniques] to [anticipate trends] in [my analyses]?

A1.10.2. Explaining the forecasting approach

— How can I [explain the forecasting approach] that I used for [my analyses]?

— Could you help me to [effectively communicate] the forecasting approach I
have adopted for [my time series]?

— What are the [keys to making clear and understandable] the forecasting
approach that I used for [my series data]?
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— How can I [present my forecasting methods] in an [accessible] way so that I can
[share my results] and [interpret them]?

— 1 have [made some forecasts] and I want to [explain my approach]. How can I
[effectively communicate] the methods I used for [my analyses]?

A1.10.3. Time series analysis

— How can I [analyze time series] to [understand patterns] and [detect trends]?

— Could you help me [break down time series] into [key components] to [extract
information] from [my data]?

— What are the [essential steps in time series analysis] that will enable me to
[highlight variations] and [behaviors]?

—How can I [use time analysis tools] to [identify anomalies] and [highlights] in
[my time series]?

—1I have [time series] and I want to [analyze trends]. How can I [apply analysis
techniques] to [understand patterns] and [interpret results] in [my analyses]?

A1.11. Machine learning
A1.11.1. Algorithm selection
— How can I determine the machine learning algorithm most appropriate for my

[classification/regression]?

— Could you provide some examples of machine learning algorithms for [image
recognition, sequence prediction, anomaly detection] and explain them?

— For my [unstructured textual data, time series data, computer vision tasks], what
specific machine learning algorithms would you recommend considering?

—1 am just starting out in machine learning. What are a few polyvalent
algorithms I should start with for [classification, regression, clustering] problems?

— Which machine learning algorithm is best suited for [small or large datasets] in
terms of [training time, performances, scalability]?

A1.11.2. Model training

— What are the best practices to follow when training models [regression,
classification, neural network] on my dataset?
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—How can I adjust model hyperparameters, such as [learning rate, layers,
dropout], to improve model performance when training [CNNs, RNNs, random
forests]?

— What techniques can I use to avoid overfitting and underfitting when training
models on my dataset?

—How can I determine the optimum number of eras, batch size and other
parameters when training [deep learning, SVM, decision tree] models?

— How can [ take advantage of validation sets, cross-validation and other methods
to rigorously evaluate models during training?

A1.11.3. Performance evaluation
— What evaluation measures would be most appropriate to assess the
performances of my [classification, prediction, recommendation] model?

— How can I evaluate different machine learning models by training them against
each other to select the best performer?

— What techniques are recommended for assessing model performance on
unbalanced datasets?

— Apart from accuracy, what other key aspects should I analyze to determine
how well my model generalizes?

— What validation strategies, such as k-fold cross-validation, should I implement
to rigorously evaluate the model’s performance?
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GPT-4 versus GPT-3.5: Feature
Comparison

Features

GPT-3.5

GPT-4

Parameters

175 billion

Over 1 trillion

Training data
period

Until June 2021

Until September 2021

Training duration

Standard training

Additional six months for
human and Al feedback

Context window
size

3,000 tokens

25,000 tokens

Accuracy

Prone to hallucination

More accurate responses

Safety mechanisms

Limited

Enhanced safety mechanisms

Programming skills

Basic code generation

Can iterate and debug code

Also includes images

Mllltll'll'o flal Text only (describes images, contexts,
capabilities .

suggestions)
Information Struggles to establish Can synthesize from multiple
synthesis connections sources

Creativity and
consistency

Basic creative writing

Improved narrative and
character consistency

Problem solving

Limited in math and science

Complex mathematical and
scientific solutions
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Features

GPT-3.5

GPT+4

Problem-solving
capabilities

Limited complex reasoning

Can solve advanced
mathematical and scientific
problems

Bias and ethics

More prone to bias

Reduced biased and unethical
responses

Responsiveness Faster responses Slower for longer responses
Complex task Limited capacity Efficiently manages complex
management tasks

Table A2.1. Comparison between GPT-3.5 and GPT-4
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Basic Terminology Cheat Sheet

Algorithms: step-by-step instructions for solving problems programmatically.

Anomaly detection: identification of unusual patterns different from expected
behavior.

API: application programming interfaces enabling access to data and
functionalities from an application.

Augmented analytics: fusion of human and artificial intelligence for enhanced
data insights.

Automation: the use of technology, such as Al, to perform tasks automatically.
Bias: systematic prejudice that can skew model results.

Business intelligence (BI): processes and tools for collecting and analyzing data
to generate business insights and make decisions.

Chatbots: conversational Al systems capable of natural dialogues.
ChatGPT: an advanced language model, created by OpenAl, capable of engaging
in interactive conversations and generating coherent, contextually pertinent text in

response to prompts.

ChatGPT plugins: third-party integrations that enhance ChatGPT’s capabilities,
such as code execution, data visualization or database querying.

Classification: categorization of data points into distinct classes or categories.
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Code: a set of instructions written in a programming language to give orders to a
computer and execute specific tasks.

Code interpreter: tool enabling Al to execute and interact with code snippets in
various programming languages.

Coding: process using programming languages to develop software, applications
and technological solutions.

Conversational AI: artificial intelligence systems designed to interact and
dialogue with humans in a natural, conversational way, often by understanding and
generating human language.

Correlation: assessment of the statistical relationship between variables.
Creativity: human ingenuity in formulating problems and imagining solutions.
Dashboard: interface for visual monitoring of key data and key indicators.
Data: facts, statistics or information that can be analyzed to draw conclusions.

Data analyst: a professional who interprets and analyzes data to extract useful
information and make informed decisions.

Data analytics: discipline focused on extracting information from data using
specialized tools and techniques.

Data cleaning: correction of inconsistencies and errors in the data.
Data collection: gathering relevant data from a variety of sources.
Data pipeline: architectural flow of data from raw state to processed state.
Data preparation: manual manipulation of data to make it usable.
Data quality: assessment of accuracy, completeness and reliability of data.

Data science: interdisciplinary field that uses scientific processes and algorithms
to extract knowledge from data.

Data scientist: a data processing expert who applies statistical and computational
methods to solve complex problems and gain actionable insights.

Data visualization: graphical representation of information and ideas.
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Decision tree: tree-shaped model representing classification rules.
Decision-making: taking action informed by data.

Dimensionality reduction: simplifying multi-dimensional data.
Ethics: moral principles guiding the development and use of Al.

Exploratory data analysis (EDA): initial investigation of data to detect
distributions, relationships and patterns.

General intelligence: human-like adaptability in different contexts and tasks.

Generative Al artificial intelligence systems capable of creating original content,
such as text or images, using machine learning models.

GPT-1: first transforming pre-trained generator model, launched by OpenAl in
2018.

GPT-2: larger model, released in 2019, with 1.5 billion parameters.
GPT-3: massive model with 175 billion parameters launched in 2020.
GPT-3.5: enhanced version of GPT-3 with updated architecture.

GPT-4: latest version of ChatGPT, with over 1 ftrillion parameters and
multimodal capabilities.

Human supervision: people reviewing and criticizing Al suggestions.

Human values: qualities such as compassion, creativity and ethics that define
humanity.

Intelligent assistants: smart systems, such as ChatGPT, that collaborate with
humans.

Interpretability: the ability of humans to understand Al results.

Large language model (LLM): human-like communication, using natural language,
processed by Al systems to enable conversational understanding and response.

Logistic regression: classification algorithm for binary results.

Machine learning: algorithms that automatically learn from data.
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Natural language processing (NLP): understanding and generating human
language with Al

Neural networks: computer systems modeled on biological brains.

Noteable: plugin transforming Al into a virtual note-taking assistant, capable of
capturing, storing and organizing information during conversations.

OpenAlI: a renowned artificial intelligence research organization behind major
developments such as ChatGPT and other generative Al models, aimed at pushing

the boundaries of understanding and creativity machines.

Plugins: additional software components that add new capabilities or
functionalities to an existing application.

Predictive analytics: using data to predict future results.

Prompt: instructions (or context) provided to ChatGPT to guide its responses.
Carefully crafted prompts allow access to ChatGPT’s capabilities.

Prompt engineering: process of creating and selecting questions or instructions
to guide the responses generated by Al models, in order to obtain relevant and useful
results.

Regression: statistical models quantifying relationships between variables.

Reinforcement learning: agents that learn through trial-and-error interactions.

ShowMe: plugin that enables Al to generate visual representations, such as
diagrams and graphs, from text descriptions, to facilitate communication and

understanding of complex concepts.

SQOL: structured query language used to manage and query relational databases.
ChatGPT can understand SQL queries explained conversationally.

Structured data: information organized in a tabular format with clear
relationships between elements, facilitating analysis and manipulation via SQL
queries or algorithms.

Supervised learning: training algorithms on labeled datasets.

Symbiosis: mutually beneficial collaboration between beings.

Time series: data indexed chronologically over time.
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Transparency: openness about how Al systems work.

Unstructured data: information with no predefined format, such as text, images
or audio, requiring special processing for analysis.

Unsupervised learning: finding patterns in unlabeled datasets.

Wolfram: a powerful knowledge base providing access to advanced answers,
calculations and visualizations related to various academic and scientific fields.

Zapier: automation platform connecting applications to facilitate data flow and
automated action execution.
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