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ABSTRACT
THE IMPACT OF BIG DATA AND DATA ANALYTICS ON
ARCHITECTURAL DESIGN PROCESSES

Pelin Oziiberk
M.Sc. in Architecture
Advisor: Prof. Burak ASILISKENDER
July 2025

The increasing proliferation of big data and advancements in data analytics are
fundamentally transforming architectural design processes. This thesis investigates the
role and impact of big data within the architectural field, focusing on how vast datasets
and analytical techniques are influencing traditional and digital design workflows.
Through a detailed exploration of the concepts of data, information, and knowledge, the
study outlines how data-driven approaches reshape the way architects conceptualize,
develop, and optimize designs. The research examines the transition from traditional
intuition-based design models to digital, adaptive, and performance-oriented
methodologies, highlighting the critical principles and techniques of data analytics
relevant to architecture. It further analyzes contemporary practices such as adaptive
design, generative systems, and performance-based strategies that are enabled by big data
integration. The study concludes by reflecting on the opportunities and challenges posed
by big data, emphasizing the necessity for interdisciplinary collaboration, ethical
considerations, and the evolution of architectural education to equip future practitioners.
The work also suggests future research directions, particularly in the development of
intelligent, user-responsive architectural environments.

Keywords: Big Data in Architecture, Architectural Design Process, Data-Driven
Design, Architectural Knowledge, Design Process Transformation



OZET
BUYUK VERI VE VERI ANALITIGININ MIMARI TASARIM
SURECLERINE ETKISIi

Pelin Oziiberk
Mimarlik Anabilim Dalr Yiiksek Lisans
Tez Danigmani: Prof. Burak ASILISKENDER
Temmuz 2025

Biiyiik verinin artan yayginlasmasi ve veri analitigindeki gelismeler mimari tasarim
stireclerini kokten doniistiirmektedir. Bu tez, mimari alandaki biiyiik verinin roliinii ve
etkisini arastirtyor ve genis veri kiimelerinin ve analitik tekniklerin geleneksel ve dijital
tasarim i akiglarini nasil etkiledigine odaklanmaktadir. Veri, bilgi ve bilgi birikimi
kavramlarinin ayrintili bir incelemesi yoluyla bu tez, veri odakli yaklagimlarin mimarlarin
tasarimlar1 kavramsallastirma, gelistirme ve optimize etme bi¢imini nasil yeniden
sekillendirdigini ana hatlariyla agiklamaktadir. Arastirma, geleneksel sezgiye dayali
tasarim modellerinden dijital, uyarlanabilir ve performans odakli metodolojilere gegisi
incelemekte ve mimariyle ilgili kritik veri analitigi ilkelerini ve tekniklerini
vurgulamaktadir. Ayrica, biiyiik veri entegrasyonunun sagladigi uyarlanabilir tasarim,
iretken sistemler ve performansa dayali stratejiler gibi cagdas uygulamalari analiz
etmektedir. Calisma, biiyiik verinin ortaya koydugu firsatlar ve zorluklar iizerine
diistinerek, disiplinler arasi is birliginin gerekliligini, etik hususlar1 ve gelecekteki
uygulayicilart donatmak i¢in mimarlik egitiminin evrimini vurgula. Calisma ayrica,
ozellikle akilli, kullaniciya duyarli mimari ortamlarin gelistirilmesinde gelecekteki
aragtirma yonlerine dair dnerilerde bulunmaktadir.

Anahtar kelimeler: Mimarlikta Biiyiik Veri, Mimari Tasarim Stireci, Veri Odakli Tasarim,

Mimari Bilgi, Tasarim Siireci Déniistimii
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Chapter 1

Introduction

Over time, the concept of VUCA, an acronym referring to volatility, uncertainty,
complexity, and ambiguity, has gained increasing relevance. Originating in military
language in the late 1990s, it has since been adopted to describe the dynamics of an
increasingly unstable and rapidly evolving global landscape, particularly within the
business and organizational context (Lawrence, 2013). These conditions come with many
changes in every aspect of life, from personal lifestyles and professional environments
to academic and research settings. However, as we begin to make sense of these
conditions and uncover the opportunities they present, we might realize this can help us
to navigate the aspects of our work, design, or research processes more confidently.

In this contemporary era, when the concept of data is overly complex, fast, and
intertwined, returning to the beginning and understanding the concepts with their first
meanings and the conditions in which they emerged can help us interpret this confusion
today. Rescher (2003) argues that the pursuit of knowledge is not a choice, but a necessity
rooted in human nature. He emphasizes that individuals are compelled to seek
understanding because their well-being depends on cognitive orientation in the world.
When this orientation is lacking, the result is psychological and even physical distress.
Rescher (2003) emphasizes that humans require information to navigate their
environments, resolve uncertainty, and maintain a sense of consistency. In this view, the
drive to make sense of things is not simply intellectual curiosity but an inherent feature

of human life.

Architecture, as both a spatial and cultural practice, responds to this need by
producing environments that help people feel situated, connected, and oriented. The built
environment plays a critical role in shaping how individuals interpret and move through
the world. Architecture does more than fulfill functional requirements, it also structures
experience, anchors memory, and supports shared forms of understanding. In this way,

design processes in architecture are intimately linked with the human-need to know.



Kitchin (2014b) contributes to this discourse by tracing how, across history,
institutions such as governments, scientific communities, and businesses have relied on
data as a tool for observation, regulation, and decision-making. He notes that while data
collection was once a time-intensive and limited process, today it is extensive, automated,
and capable of producing detailed, real-time accounts of the world. This shift has not only
transformed the scale and speed at which information is produced but also the ways in

which knowledge is constructed, applied, and circulated.

At the same time, the rise of Big Data has significantly changed how knowledge is
produced and used. With its large scale, speed, and variety, Big Data goes beyond
traditional ways of collecting and understanding information. It does not just reflect what
is happening in the world, but also influences how decisions are made and how systems
are designed. For architecture, a field that has often relied on experience, observation, and
intuition, this shift creates both new possibilities and new questions. It encourages
designers to think about how data can be included in the design process, and how it might
support or challenge the ways we have traditionally understood and shaped the built

environment.

As digital tools, computational models, and data-driven systems become more
embedded in architectural workflows, these developments introduce new conditions for
how spaces are conceived and evaluated. The discipline must now balance its historical
knowledge base and creative traditions with the emerging challenges and potentials of
working in data-rich environments. This thesis explores that intersection, examining how
architecture participates in the broader shift toward data-informed practices while

remaining attentive to its epistemological foundations and human-centered values.

1.1 Purpose of the Thesis

This thesis focuses on the growing use of big data and data analytics in architectural
design processes. It aims to understand how data is influencing contemporary design
methods and to explore what this shift means for the role of the architect. As architecture
moves toward a more technologically integrated practice, the question arises: How can

designers use data without losing the creative and critical aspects of their work? This



study does not simply aim to promote data-driven design but to critically examine its

potentials and limitations in real-world applications.

The main goal is to investigate how big data is being incorporated into the stages of
architectural design process. This includes an exploration of the kinds of data that are
being used, how this data is collected and interpreted, and what tools or platforms are
enabling these processes. Additionally, the thesis addresses how the presence of data may
influence the relationship between the designer, the space, and the user. It questions
whether data is helping to create more inclusive and efficient environments or if it risks

oversimplifying complex spatial experiences.

To guide this investigation, the following research questions have been formulated:

Table 1.1 Research Structure (created by author)

Research Questions

Objectives

Assumptions

How is big data
currently used in
architectural design?

To identify key
applications of big
data in design
workflows.

Big data supports decision-making by
adding more layers of spatial insight.

What challenges arise
in integrating data

To explore both
technical and

Architects need better training, tools,
and frameworks to use data

future design logic?

driven architecture.

analytics in design? conceptual barriers. | effectively.
What potential does To reflect on new The role of data will become
data hold for shaping | directions in data- | increasingly central in architectural

thinking.

How does data
influence the ways
architects represent
and communicate
design ideas?

To analyze how
data-driven
workflows affect
design language,
tools, and drawing
conventions.

Data is not only an input but also a
representational logic in design
processes

In what ways does
data reshape
architectural
knowledge and
authorship?

To explore the
epistemological and
disciplinary
implications of
integrating data in
design.

The role of the architect is shifting
from form-maker to data interpreter or
strategist.




(Table 1.1) presents the core structure of the research and shows how the study
moves from current practices to broader implications. The questions were shaped by a
combination of preliminary readings and the observation that while many architectural
offices now use software tools that include data features, the integration of these tools is
not always deep or strategic. In some cases, data is used in surface-level ways, such as

visualizations or sustainability checklists, without influencing the core spatial concept.

This research positions itself at the intersection of architectural design theory,
digital representation, and data-informed practice. While much of the existing literature
on big data in the built environment focuses on smart city infrastructures, technical
optimization, or post-occupancy analysis, this thesis contributes to a smaller but growing
body of work that explores the conceptual and epistemological implications of data in the
design process itself. By focusing on how data is framed, visualized, and translated into
spatial logic, the study aims to offer a design-centered perspective that is often overlooked
in more technically driven or policy-focused discussions. In doing so, it aligns with
emerging architectural scholarship that critically engages with computation not only as a

tool but also as a design ideology and representational shift.

What this thesis seeks to uncover is whether data can be more than a supporting
tool: Can it be a partner in creative thinking? Can it expand the ways we define,
understand, and experience architecture? In doing so, the research also touches on themes

of authorship, agency, and the future identity of the profession.

1.2 Method of the Thesis

The methodology of this thesis can be classified as qualitative and interpretive, with
elements of conceptual/theoretical research and visual analysis. To explore the questions
outlined above, this thesis adopts a two-phase methodology: (1) a conceptual and
theoretical framework built through literature, and (2) a visual and representational
analysis of how data appears within architectural design processes and communication

tools.

In the first phase, a wide range of academic literature is reviewed to map how data

and computation have entered architectural discourse. This includes works that discuss



data-driven design, computational workflows in architecture, and the evolving
relationship between digital tools and architectural thinking. The literature covers both
the technical side, such as how data is generated and analyzed, and the conceptual side,
including debates about creativity, authorship, and ethics in data use. The aim of this
phase is to build a foundation for understanding not only what big data is, but also how it
has been framed within the design field. This part of the research also identifies gaps in

the literature, especially the need for more design-focused critiques of data systems.

The second phase centers on examining how data is represented and interpreted in
architectural design workflows. Rather than selecting full-scale case studies of completed
buildings or masterplans, the thesis focuses on design processes, particularly on visual
and narrative tools that show how data is embedded in decision-making. These include
diagrams, project illustrations, conceptual workflows. This phase also draws on mostly
published academic articles that explicitly discuss how data has been used within design
logic or project development. These sources are used not only for factual reference but
also to understand how practices frame and communicate the role of data in design. The
aim is to read these materials critically and to understand how data influences the

conceptual and communicative stages of architectural work.

This analysis is guided by the following considerations:

e What kinds of data are being used or visualized? (such as environmental
data, behavioral patterns, program distribution)

« How is this data being processed and interpreted in the design narrative?

e What visual techniques (such as layering, coding, or mapping) are used to
embed data into drawings or diagrams?

» What role does data play in shaping spatial strategies, design arguments,
or conceptual logics?

* How do these practices reflect broader shifts in the role of the architect, as

a designer, analyst, or mediator?

Importantly, this thesis does not produce its own dataset or conduct original data
modeling. Instead, it focuses on interpretation and critique, looking at how data has been
used and visualized by others, and what these practices reveal about the evolving

relationship between data and design.



The thesis is organized into five main chapters, each building upon the previous to
form a coherent progression from context to critical reflection. Chapter 1 sets the
foundation by introducing the research background, framing the key questions, and
outlining the methodology. Chapter 2 establishes the conceptual ground by exploring the
notions of data, information, and knowledge, and how these have been interpreted and
applied within architectural discourse. Building on this foundation, Chapter 3 focuses
specifically on the idea of big data, examining its entry into architectural thinking and
how it has influenced disciplinary boundaries, roles, and methods. Chapter 4 brings these
discussions into a more applied context by analyzing examples of data-influenced design
processes, reflecting on how these practices illustrate broader shifts in architectural
workflows, not only in how data is utilized, but also in how the design process itself is
being redefined through digital and computational thinking. Finally, Chapter 5 concludes
the thesis by summarizing the key findings, reflecting on the implications of data
integration in architectural design, and suggesting potential directions for future research

and practice.

This structure allows the thesis to move from general context to specific conditions
and finally to critical reflection. It supports a narrative flow that mirrors the evolving
design logic many architects follow today, starting from foundational ideas, moving into
digital tools and technologies, and finally looking at practical illustrations of design
development. The reason the thesis begins with data, information, and knowledge (before
addressing big data directly) is to establish a layered understanding of how architects
engage with meaning, scale, and interpretation in data use. This sequence helps clarify
that big data is not just a technical tool, but part of a broader cultural and epistemological

shift that reshapes how architects think, communicate, and design.

1.3 Scope of the Thesis

The scope of this thesis is shaped by both thematic and practical boundaries.
Thematically, it focuses on the intersection of architectural design and data analytics, with
an emphasis on how data influences spatial decisions and design decisions. While the
primary interest lies in projects that use data during the early and middle stages of the
design process, the study also considers aspects of later stages, such as technical

documentation and delivery phases, when they help to clarify the overall role of data



across the full arc of the design workflow. However, these later phases are not examined
in technical depth but rather as part of a broader understanding of how data flows through

a project timeline.

In terms of content, this thesis covers discussions across multiple design scales and
fields, primarily architectural and urban design but also includes product and industrial
design, computational and generative design, as well as smart environments and
performance-driven systems. It excludes interior-only designs or speculative proposals
without explicit reference to data-driven thinking. Similarly, projects that are primarily
engineering-oriented with minimal architectural or design engagement are outside the
scope. The main focus is on design processes where data actively informs decisions on

form, function, performance, spatial layout, or user interaction.

Although no strict time-frame is applied to the selection of projects, most of the
examples reflect developments from the last decade, a period marked by the increased
accessibility of digital tools, performance software, and urban data platforms. The
recency of these projects allows the thesis to engage with contemporary practices that are

still evolving and actively shaping architectural discourse.

Geographically, the thesis does not limit itself to a specific region but gives priority
to projects that emerge from contexts with digital infrastructure capable of supporting
data-driven design. These typically might include examples from Europe, North America,
and East Asia, though projects from other regions are not excluded. The selection criteria

are based more on conceptual relevance and design clarity than geographic distribution.

Finally, the thesis does not aim to address the full technical complexity of data
science or software development. It avoids detailed discussions of algorithm design,
programming, or system engineering. Instead, it centers on how designers engage with
data as a conceptual and visual input, and how this engagement reconfigures design

thinking and representation practices.

By setting these boundaries, the thesis remains focused and manageable while still
addressing a broad and timely topic. It offers insight into how architects can work with

data today and how they might rethink their role in the near future.



Chapter 2

Data, Information and Knowledge in

Architectural Discipline

In a time where digital transformation and data-centric methodologies are rapidly
reshaping architectural practice, it holds a critical value to begin this thesis by revisiting
the foundational concepts of data, information, and knowledge. These are not only
technical terms but also epistemological foundations that define how we think, design,
and evaluate the built environment. To understand how architectural design is being
reshaped by digital tools, big data, and artificial intelligence, it first becomes necessary

to pause and ask what these terms actually mean within the context of architecture.

This chapter begins the thesis because understanding what data is, and how it differs
from information and knowledge, is essential to grasp the significance of data-driven
processes in architecture. Architectural design has always relied on a variety of
knowledge types: spatial, material, cultural, and experiential. However, the rise of digital
infrastructures and computational thinking demands that we re-express this knowledge in
forms that machines can interpret, analyze, and even generate. As such, the architectural
discipline faces both opportunities and challenges in redefining its epistemological

foundations.

This chapter explores how data, information, and knowledge have been
conceptualized historically and how they function today in architectural design. It
discusses how these concepts are interpreted across disciplines and introduces
frameworks such as the DKIW (Data, Knowledge, Information, Wisdom) model to
unpack their interdependencies. The discussion pays particular attention to how

architectural knowledge is created, shared, and transformed in the context of big data and



digital workflows, and what kinds of data engage in the design process, from intuitive

sketches to environmental simulations.

By establishing this foundation, the chapter prepares the foundation to better
understand the transitions explored in later chapters, especially those dealing with big
data, artificial intelligence, and the transformation of the architectural design process. In
doing so, it positions architecture not only as a field of form-making but also as a domain

of knowledge production, responsive to technological, cultural, and epistemic shifts.

2.1 Understanding Data and Information

There are various definitions of data. This means that the scope can also change
across different domains. A brief review of the existing literature reveals a contradiction
that is easily noticeable in modern discussions: even with the growing popularity of the
term 'data’ in academic research and various fields, there is no single, universally accepted
definition for it (Avanco et al.,, 2021, p. 6). Merriam-Webster (2025) defines the
etymological origin of the term data, tracing it back to the Latin term datum, which is
defined as ‘something given or admitted especially as a basis for reasoning or inference’.

Furthermore, its earliest recorded usage can be traced to the mid-17th century.

The first meaning of data occurs as facts from sacred writings or a ground basis for
arguments, where there was no room for interpretation. Throughout the end of the
century, it has been established and evolved as outcomes of an ‘experiment, experience
or collections’ (Rosenberg, 2013, p. 33). This definition gives the impression of its role
as a result rather than an assumption. That point of view is critical where we think, search
and define the meaning of it. It reinforces the definition of ‘something given’ as it implies
the relational link with a result of an act, as Rosenberg (2013) emphasizes ‘Data means
that which is given before argument. Consequently, the meaning of data must always shift
with argumentative strategy and context, and with the history of both’. This perspective
highlights that data is not fixed in meaning but instead gains significance through the lens

of interpretation and the context in which it is used.

In present-day discussions, data is acknowledged as a key foundation for

argumentation; however, our primary notion of data as information in numerical



representation is based on the advancements from the late eighteenth century (Rosenberg,
2013, p. 33). He also offers an alternative interpretation as follows: ‘It may be that the
data we collect and transmit has no relation to truth or reality whatsoever beyond the
reality that data helps us to construct. This fact is essential to our current usage’
(Rosenberg, 2013, p. 37). Without undermining the importance of data itself, this
statement highlights the status of it is a building block for both mental and any other
external processes. From there, it leads to the way of knowledge and information. But
also, it holds an important place on its own without interrelations to these terms. Data is
not fundamentally equivalent to truth, nor is it assigned the role of carrying absolute
validity. Rather, it serves as a representation of an outcome, independent of any obligation
to assess the credibility of its source. The responsibility to interpret, validate, and

critically engage with data lies with us as scholars and researchers.

This changes the perspective of the term in a context. It opens a discourse that the
perceptions we may accept do not necessarily have to be distant from bias. It comes from
our interpretations, this also questions the term of ‘something given’ as if a result of an
observation comes from interrelated inquiries, would it be the justice to describe it as
something given just like appearing from nowhere? Though it may fit on some occasions
where the data comes from or where we can directly observe it as a fact. In that situation,
we may conclude the meaning, and therefore the data itself may shift according to the

situation or inquiry we extract it.

This reasoning shows itself in different fields of science. In the arts and humanities,
it is a more sensitive and complex topic. Because the areas it contains are mostly on
analytical frameworks such as semantics, rhetoric, phenomenology, and such, it can
create contrasts with humanistic inquiry. Within the notion of the digital humanities,
researchers argue that the meaning is more of an active notion rather than an observer-
independent one, which is given perspective (Drucker, 2011, as cited in Schdch, 2013).
This follows with the commentary that, on the contrary, it can be manufactured, created,
and open to interpretation. Social sciences add the perspective that the notion of data does
not always have to relate to an organized object. Rather than the term itself, it is more
important to speak up about the collective nature of data (Bordignon & Maisonobe, 2022).

This point blends nicely with the nature of human relations.
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As researchers, we may attach varying meanings to the term "data," shaped by our
disciplinary perspectives and conceptual frameworks. Bordignon and Maisonobe (2022)
delve into this subject by examining how the term data are used within scholarly articles.
They concluded with the idea that rather than the term itself, adjectives and verbs that
define data hold greater value since the word of data is a discussion and connected with
the framework where it is based. This shifts the focus from rigid definitions to a deeper
understanding into what data does, why it matters, and how it functions within our
disciplines. As Rosenberg (2013) explains, the emergence of modern economics and
empirical science brought about new ways of constructing arguments and new
expectations around facts and evidence. The evolution of such terms illustrates broader
transformations in how knowledge is understood and confirmed. The significance of data
lies not only in its informational content but also in its cultural, historical, and linguistic
roots. Zins (2011), for instance, draws on earlier observations to attention that misuse of
the term data often stems from ignorance of its Latin roots, datum meaning "the given"
and data being its plural form. These insights call for a more nuanced understanding of
data, not as a fixed matter, but as an expanding influence in contemporary conversation,
a pixel in our cognitive landscape, and a key to unlocking the reasoning processes

embedded in our professions.

Understanding data today requires moving beyond the notion of it as a neutral or
objective reflection of the world. As Gitelman (2013) and Loukissas (2019) argue, data
is always the outcome of situated processes, shaped by the contexts, technologies, and
human decisions that bring them into being. They are assembled through intricate
networks of sensors, infrastructures, standards, algorithms, and expert practices, all
working together to produce, validate, and circulate what becomes recognized as data

(Gray et al., 2018).

Rather than existing independently, data are entangled within what Crawford
(2021) describes as data assemblages, dynamic circumstances of technical systems,
social actors, and material environments. These assemblages frame what counts as data
and evolve over time, mutating as technologies advance, institutions shift, and new forms
of knowledge and power emerge (Amoore, 2020). These assemblages can vary from
‘forms of knowledge’ to ‘system of thought’ or ‘places’ to ‘finance’ and other different

groups, as Kitchin (2014b) represents. Thinking of data in this way challenges the
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persistent idea that it can ever be fully raw, complete, or universal. Instead, it reinforces
its partial nature and highlights how data practices actively construct the realities they
claim to represent. To engage critically with contemporary data environments, it is
essential to understand the complex, relational infrastructures through which data are

continuously produced, interpreted, and reshaped.

Similarly with data, information also has been conceptualized in various ways
depending on the perspective taken. Some view it simply as connected data, others as data
enriched with meaning, as a meaningful signal extracted from noise, or as processed
primary data transformed through analysis (Kitchin, 2014b). These definitions highlight
the complexity of distinguishing data from information, as well as their relationship to
knowledge. However, the view that treats data as the raw material for information, and
information as the raw material for knowledge has been criticized. Zins (2011) argues
that this linear progression is problematic; information is not simply a transitional phase
between data and knowledge. He further challenges the alternative approach that treats
information and knowledge as synonymous, describing this too as a conceptual fallacy.
According to Zins (2011), in the subjective domain, information is perceived as a "type
of knowledge," while in the objective domain, it is defined as a "set of symbols" that
represent empirical knowledge. This duality illustrates that information’s nature is deeply

influenced by the context in which it is considered.

Building on a more formal structure, Floridi (2010) offers a data-based definition
of information, emphasizing that information emerges from meaningful and well-formed
data. Importantly, Floridi (2010) notes that even the absence of data, such as silence, still
qualifies as data. Yet, for data to become information, it must be syntactically well-
formed; in other words, it must follow to the structural rules of a given code or language
(Floridi, 2010). Meaning, in this sense, depends not only on the data itself but on its
alignment with predefined linguistic or symbolic structures. Floridi (2010) further
elaborates that information can constitute various types of data, including primary data,
secondary data, or metadata. When data is properly structured and meaningful, it becomes
what he calls semantic content. Notably, information does not always require an
intelligent agent for its creation; it can exist naturally in the environment, with data

carrying meaning inherently, Floridi further completes.
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Through these perspectives, it becomes clear that information is not a simple,
uniform concept, but rather a layered and context-dependent phenomenon. Understanding
these nuances is crucial for disciplines such as data science, architecture, and information
theory, where the distinction between data, information, and knowledge constructs

critical practices.

2.1.1 Data Types and Formats

Understanding data may begin with its rhetorical and ontological discussions, but
there are several perspectives, as Kitchin (2014b) mentions that it can be socially
constructed, carrying ideological biases or serving as a public good. The main idea is that
data may never be purely objective or neutral. Many characteristics are involved on the

categorization of data. These definitions lead us to the (Table 2.1).

Table 2.1 Data Kinds (based on Kitchin, 2014b)

« Quantitative Data

By Form « Qualitative Data

Structured Data
Semi-Structured Data
Unstructured

By Structure

« Captured Data
« Exhaust Data
By Source « Transient Data
« Derived Data

DATA KINDS

« Primary Data

By Producer « Secondary Data
« Tertiary Data

« Indexical Data
By Type « Attribute Data
« Metadata

Definitions of kinds of data follow as (Table 2.2), and these forms of data reveal
that it can be shaped and categorized by many factors. Riswadkar’s (2006) educational
report on data types also states that different categorizations of data are possible, and this
classification is demonstrated through the Sciences and Social Sciences. In Sciences,
defining factors which data can be aligned by are: ‘time factor’, ‘location factor’, ‘mode

of generation’, ‘nature of quantitative tasks’, ‘terms of expression’ and ‘mode of
9
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expression’” whereas in Social Sciences it is arranged by: ‘scale of measurement’,
‘continuity’, ‘reference to time’, ‘characteristics’, ‘number of characteristics’ and
‘origin’. Kitchin (2014b) also mentions that there are many other ways data can be seen
and contextualized. Data can be framed ‘technically’, ‘ethically’, ‘politically’, ‘spatially’,
or ‘philosophically’. Which brings us to the conclusion that it is a very rich phenomenon,
and the process of conceptualizing data involves more than what is typically recognized

by the fields it has been used.

Table 2.2 Data Kinds Explanation (based on Riswadkar, 2006)

« Quantitative Data: Numerical and typically large in scale, describing physical traits or
representing the non-physical aspects of phenomena.
« Qualitative Data: Non-numerical, including texts, images, art, videos, sounds, and music

« Structured Data: Fits neatly into a defined model, making it easy to organize, store, and share.
« Semi-Structured Data: Lacks a fixed schema but still has some structure.
« Unstructured: Has no consistent model or recognizable structure.

« Captured Data: Captured data are collected through direct measurement and intentionally.
« Exhaust Data: By-products generated by devices or systems.

« Transient Data: Temporary and exist only for a short period, not stored permanently.

« Derived Data: Result from further processing or analysis of captured data.

« Primary Data: Collected directly by researchers using their own methods.

« Secondary Data: Created by others and made available for reuse.

« Tertiary Data: Typically published by statistical agencies to protect the confidentiality of the
individuals represented.

« Indexical Data: Allow identification and linking through unique identifiers like passports etc.

« Attribute Data: Describe characteristics of a phenomenon but are not used for identification.

« Metadata: data about data, either detailing content, such as field names and descriptions, or
describing the entire dataset.

2.1.2 Data in Digital and Big Data Era

Emerging information technology and the digital era added new layers to the notion
of data relevant to the original concept from the late 18th century (Rosenberg, 2013, p.
34). This corresponds with the idea that the original notion of data is in a similar way to
the construction of digital era data systems. We can say that the digital era gave a
universal aspect to the concept of data. Binary systems that allow to representation of
numerical data, texts, images, or even audio in a format create a system that constantly
grows the informational sources. Associated only with a science-based concept, data
became a universal understanding with a broad aspect concerning informational science

and technology (Avanco et al., 2021, p. 7).
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Starting with this digital and informational revolution, the perception of data
appears to indicate a major epistemological evolution: the shift from empirical induction
to neural connectivity aligns with the change from scientific data to informational data,
which is now characteristic of the Digital Era (Avango et al., 2021, p. 7). Just as the
semantics in scientific fields change according to the content and create integrated
meanings, it can also accommodate and exchange with technological developments. This
shows the flexible structure of the concept of data, which emerges from people's cognitive

process, contrary to the rigid and clear definitions made at the beginning.

The idea of data itself has been radically transformed by disruptive technologies
that restructured how data is produced, analyzed, stored, and shared, moving from
something rare and tightly controlled to inexpensive and increasingly open and accessible
(Kitchin, 2014b, p. 17). This shift is driven by the latest generation of digital technologies,
like smartphones, cloud services, and sensor networks, that now design nearly every side
of daily life and turn them into data, feeding into data-driven platforms (Kitchin, 2014, p.
17). The volume and reach of this transformation have sparked strong enthusiasm around
the value and possibilities of big and small-scale data, though this optimism is sometimes
exaggerated or uncritically accepted. Yet, such transformations are not without criterion:
previous historical moments, such as the invention of the printing press, also triggered
similar information explosions that reshaped how knowledge was created, organized, and
interpreted, marking a pattern in the evolution of data practices as Kitchin (2014b)

explains.

2.1.3 Architectural Data and Effects of Big Data

In the architecture, we should also consider different definitions of data. Because
the architecture stands on social, modern sciences, and humanities, and it therefore
contains different types of data. This diverse type of architectural data requires
classification and frameworks to demonstrate. If we cannot represent such a variety of

different data, we cannot control it, which affects the efficiency of the design process.

Design data refers to the broad spectrum of information that guides and shapes the
development of a design solution. This encompasses not only clearly defined
requirements and technical specifications but also less tangible elements such as personal

experience and intuitive understanding (Cross, 2006). In the context of architecture, this
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data takes on a particularly diverse and multifaceted form. Architectural design data
integrates various types of information, ranging from spatial and functional
considerations to environmental factors and user experience, all of which interact to

influence the outcome of the design process (Kalay, 2004).

Menendez et al. (2020) categorize data in design into two main types: quantitative
and qualitative. Quantitative data, according to the authors, usually numerical, tells
“what” is happening and supports objective analysis, such as building simulations
assessing energy use or structural performance. Qualitative data explains “why”
something is happening by providing non-numeric insights into experiences, behaviors,
or motivations, crucial for designing responsive environments that engage human
emotions. They further elaborate that each type holds specific value in different design
applications. Some projects focus more on quantitative data for evaluation and analysis,
while others emphasize qualitative data for experiential aspects. Often, combining both
types gives a comprehensive understanding, enabling designers to tackle complex

challenges effectively by integrating measurable facts with experiential insights.

Architecture includes different knowledge types from a variety of areas, such as
physical properties of materials to principles of visual perception. This is leading to the
formulation of different systems of inquiry and research methods (Groat & Wang, 2013,
p. 65). Since this framework for inquiry is inherently related to inquiring about data,
following Groat & Wang’s (2013) models can naturally help us to discover different data
types. This foundation is about traditional data types and needs to be bridged with modern
data science classifications. When following this, we also need to realize that research
methods are rather complicated and do not have clear boundaries. Even it is not the direct
depiction of data types, the framework Groat & Wang (2013) proposed for architectural
design research: continuum of research paradigms shows the complex nature of
architecture from technical to historical perspective and indicates the vast array of data
types. (Table 2.3) illustrates the philosophical constructions that guide different types of
research approaches, specifically through the lenses of epistemology (how we know) and
ontology (what is real). It spans from objective paradigms (like
positivism/postpositivism) to subjective ones (like constructivism), with an
intersubjective position in between. While the table does not explicitly categorize data
types, it strongly informs how data is understood, collected, and interpreted in

architectural research.
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Objective €

Table 2.3 Continuum of Research Paradigms (Groat & Wang, 2013)

> Subjective

Positivism/Postpositivism Intersubjective Constructivism
Knower Knowing Knowledge Knowledge | Knowledge
distinct from | through framed by co- perpetually
Epistemology | object of distance from understanding | constructed | provisional

inquiry object sociocultural | with

engagement | participants
Assumes External reality | Diverse Multiple Infinite
objective revealed realities constructed realities

Ontology reality probabilistically | situated in realities
sociocultural
context

In architectural research, the chosen paradigm shapes how data are understood and
used. Positivism/post-positivism assumes an objective reality and relies on quantitative,
structured data like energy metrics or spatial measurements, collected independently from
the observer. Intersubjective approaches recognize diverse social contexts and use mixed
data, combining numerical data with qualitative insights, such as surveys or observational
studies. Constructivism sees knowledge as co-created, embracing qualitative, thick data
like interviews and narratives. Overall, objective paradigms favor measurable data, while
subjective ones prioritize experiential, context-rich information, influencing design
interpretation and decisions. Conceptual mapping of these possible connections is

depicted in (Table 2.4)

Table 2.4 Continuum of Research Paradigms and Data Types (created by author)

Objective € > Subjective
Positivism/Postpositivism Intersubjective Constructivism
Quantitative/Structured Data Mixed/Contextual Data Qualitative/Thick Data

« Energy simulations « Post-occupancy evaluations « Ethnographies

« Daylighting metrics « User surveys with metrics and « Interviews

« BIM data open-ended responses « Community narratives,

« Behavior mapping « Participatory design

workshops
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Various sources discuss data types that are employed in architecture, but they are
dispersed even the sources themselves may be detailed in their course. Exploration of data
types also changes according to the type of architectural approaches embraced
(Qabshoqa, 2017). Identifying types of data involved in the architectural design process
is crucial because certain type of data requires certain types of processes, thus making it

easier to navigate the parts leading to the design product.

Although we know which types of data exist in architecture, we do not have a
complete framework that demonstrates this variety of design data across the phases of the
architectural design process. Still, some frameworks attempt to capture it. Qabshoqa
(2017) classified types of data in architecture based on the aspects of quantification,

format, time, and perception as illustrated in (Table 2.5).

Table 2.5 Types of Data in Architecture (Qabshoqa, 2017)

« Quantifiable

Quantification Unquantifiable

- Digital

Source - Analogue

. Past
Time « Present
« Future

DATA TYPES

« Visual

. Auditory
Perception . Kinaesthetic

« Sense of Smell
« Sense of Taste
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Based on the Qabshoqa’s (2017) classification, we can further extend the depiction
by presenting an integrated typology of data used in architecture, merging sensory,
temporal, and quantification-based classifications with structural and technical data

typologies as depicted in (Table 2.6).

Table 2.6 Extended Types of Data in Architecture (based on Qabshoqa, 2017)

Category Subtypes Examples

« Quantitative

Qualitati Square meter calculations are quantitative, Design descriptions are qualitative
« Qualitative

Quantification

- Digital
- Analogue A 3D laser scan is digital, A hand-drawn sketch is analogue, Sensor data
« Captured Data from smart buildings is captured, Server logs from a building are exhaust
Source . . . .
« Exhaust Data data, Real time occupancy data is transient, Climate comfort scores
- Transient Data calculated from raw weather data are derived.
« Derived Data
Past The architectural data embedded in historical architecture and literature
. Pas
Ti P " regarding dimensions, styles and narratives are past data, Current user
ime - Presen . . . Lo
Fut movement in a space is present data, Projected energy consumption is future
- Future
data.
- Visual . . . . .
. Facade material color perception is visual, Acoustic simulation output is
« Auditory " . . PR A
. . . auditory, Movement comfort in stair design is kinaesthetic, Air freshness
Perception - Kinaesthetic ;

rating are based on smell, Tuste perception is rare but may apply in food-
« Sense of Smell y |~d 4 percep! 'y apply

. related design.
- Sense of Taste e

« Structured
Structure - Semi-Structured
« Unstructured

A BIM database model is structured, JSON logs from lot Sensors are seni-
structured, Design sketches and photos are unstructured.

« Primary Survey responses from building users are primary data, Government census
Producer . Secondary data reused for planning is secondary, A report summarizing other reports

« Tertiary are tertiary.

- Raw Data

. . N Direct sensor output is raw, Airflow simulation results are processed, BIM
Function - Processed Data

model file details like author and date are metadata.
- Metadata

« Indexical Data . . .
A geo-tagged photo is indexical, Room temperature is attribute data, File

Type « Attribute Data . .
creation time is metadata.
« Metadata
Context - Experimental Wind tunnel test results o a model are experimental, Time-lapse footage of a
ontex . .
« Observational site is observational.

However, the classification of data in architecture is not only a matter of
categorization but also one of epistemological framing. The nature of data, whether it is
objective, subjective, sensory, computational, or emergent, plays a critical role in how it
is collected, interpreted, and applied within the design process. As shown in the expanded
table, data may be sorted according to quantification, source, time, structure, and
perception, among others. These typologies provide a useful foundation, yet it is essential
to recognize that data classification is context-dependent and dynamic. Different framing
lenses may lead to alternate taxonomies. For instance, data can be classified according to
its technical properties (structured vs. unstructured), functional role (raw vs. processed),

or semantic intent (attribute vs. indexical).
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More on the topic of epistemological difference, in terms of methods of data
collection for designers, Melendez et al. (2020) states that data collection has historically
coexisted as analog and digital approaches. Analog methods include direct observation,
experiential research, and surveys, focusing on capturing qualitative insights into human
behaviors and environmental contexts. In parallel, advancements in technology have
introduced digital methods such as sensors, smartphones, and social media platforms,
which not only record but also generate substantial amounts of data in real time. These
technological tools enable more precise, large-scale, and dynamic data collection,
empowering designers to make informed and responsive decisions throughout the design
process. This integrated approach allows for a comprehensive understanding of both
environmental conditions and human needs. Furthermore, the origin of data, whether it
stems from analogue traditions or digital ecosystems, adds an additional layer of

complexity, especially as hybrid workflows become increasingly common in architecture.

Moreover, as digital technologies evolve, the kinds of data in use are expanding.
BIM platforms introduce object-oriented and combined datasets, Al systems require
training and predictive data, and big data ecosystems thrive on high-volume,
heterogeneous, and real-time data streams. These forms often resist simple categorization
and instead reflect a relational or networked nature, where data exists as part of a larger
system of interdependencies. The classification of architectural data must remain flexible
and reflective of the goals and tools at hand. Whether framed through its nature (e.g.,
sensory, qualitative, computational), its properties (e.g., format, structure, scale), or its
function within digital applications, understanding how data is defined and deployed is
essential for constructing a coherent and purposeful design process in the age of data-

driven architecture.

With the growing impact of big data, this lack of representation becomes clearer.
Since there is no complete framework that shows all data types take place in architecture,
it can get confusing. Design inputs, or we can name them design data, have been a
fundamental part of the architectural design process. Whether it is a visual input or a
sketch, these are all part of the inquiry process. There are different types of data inputs in
every stage of the process. But some of them fall under the category of quantitative or
visual, or just at the tacit knowledge level. Because of that, we may not always fully grasp

or determine the inputs. Clarifying different types of data in the different processes of
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architectural design can help us, as it may lead to a more aware design process and a

design product.

And why is the topic of data types crucial? It is not because of the trend that has
been going on for the decades. Sure, it draws attention to the subject as everyone says big
data is the future of companies or the research communities. But it has been there from
the beginning, even before the term of data making its appearance in the books. But with
the digital revolution, data started to pile up. Of course, just the size of the data is not
significant on its own. But the managing and drawing insights from this source is what

gives meaning to it.

Data in architecture has been associated with technical data for a long time. Ernst
Neufert published his reference book in 1936 with the title ‘Architect’s Data’, which
provides spatial requirements in building design and site planning. Tools that operate with
technical data are capable of developing structures with different levels of detail (Hois et
al., 2009). But technical data only performs as a guideline or constraint and needs to be
connected to meaningful designs. Technical data needs to be supported by qualitative and
conceptual inputs (Hois et al., 2009). Qabshoqa (2017) represents various architectural
approaches as design as ideology, design as profession, and design as service, which he
emphasizes data and information interpretation, and types vary accordingly to different
perceptions. When architecture is being handled as ideology, it is associated with cultural
and ideological values, and the data that comes with approaches are qualitative, symbolic,
philosophical, and unquantifiable (Qabshoqa, 2017). Whereas in professional and
service-based approaches, it comes with economic, marketing, and building performance
and service data. Qabshoqa’s (2017) proposal reveals that data is more than an input and

has value-driven attributes and helping to develop values.

Research within the field of BIM and Al with IFC (Industry Foundation Class) or
investigating the impact of big data on these fields is highly popular. IFC is a standardized
data model specifically designed to represent detailed information about buildings and
construction projects. It allows different stakeholders (like architects, engineers,
contractors, and facility managers) and their various software tools to share and exchange
building information seamlessly (Panagoulia, 2023). Because the application and usage
of these tools mainly rely on data or information management, we can detect which data

types are highly integrated and in use currently through recent studies.
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As Chen (2021) describes, design fields include environments such as humanistic
features, geographic information, construction technology, or entity functional space, and
include both quantitative engineering data and qualitative analysis of users,
psychological feelings, and evaluation information. Data and information management
and optimization are highly popular in fields building management, smart city strategies

to maintain and diagnose the intelligent building systems.

We can generalize the data types in architecture, under the influence of Al, big data,
and IoT (internet of things), and its application areas, such as smart building systems,
urban mobility networks, or intelligent environmental monitoring systems. The Internet
of Things (IoT) describes a system where physical objects are equipped with technologies
like sensors and software, enabling them to connect to the internet and share data with
other connected devices (Atzori et al., 2010). Digital technology also affected the cultural-
heritage discipline by expanding available tools, sharing data more widely, and

introducing digital ecosystems (Néroulidis et al., 2024).

In their systematic literature review for generative Al in architectural design, Jang
et al. (2025) explored sixty papers in the last ten years and revealed the data types and
contents used in AI models for architectural design. The paper identifies primary data
types used in Al models in architecture as: visual, categorical, text, graphic data, and 3D

models or combination of image, text, and graphics.

Sonmez (2018) stresses that Al depends on large datasets, and architecture can be
advanced by mining the rich knowledge embedded in existing buildings and designs. Al
can help turn them into usable, learnable data for intelligent design systems. This indicates
the discipline of architecture is experiencing a shift from treating design examples as
static references to viewing them as dynamic data sources. Depiction of the shift from
traditional to future design systems can be seen in (Table 2.7) This transformation, driven
by AI and data-centric approaches, redefines examples as formal, semantic, perceptual,
and contextual data that can be processed, learned from, and used to develop intelligent

design technologies.
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Table 2.7 Evolving Types of Data in Architecture (created by author)

Traditional Architecture

Current Architecture

Future Design Systems

Hand-drawn plans and physical models

Formal geometric data (CAD, BIM, 3D
models)

Dynamic generative models that can adapt
and optimize during design.

Visual references (photos, sketches)

Semantic data (classified elements: walls,
windows, etc.)

Automatic extraction of detailed building
ontologies and relations.

Spatial intuition and qualitative judgments

Perceptual data (measurable qualities:
openness, privacy, flow)

Predictive models for user experience and
spatial behavior.

Case studies and precedents (unstructured)

Contextual data (adjacency patterns,
typologies, cultural contexts)

Context-aware design systems that reason
like human architects.

Verbal heuristics, tacit design knowledge

Machine-learning models trained on larg

example datasets

Continually learning Al design assistants
that evolve with new cases and styles.

Style based on subjective judgment

Style classification models (pattern
recognition, feature extraction)

Generative systems capable of creating or
remixing styles automatically.

As Bernstein (2018) states, even technology does not replace the act of thinking, it
is changing the frame it occurs. The first digital turn in architecture was characterized by
computer-based geometric modeling. Followed by the second digital turn, which is cloud-
based, and its characteristics were big data-enabled machine learning and Al. These
significant eras were also bridged by BIM technologies (Bernstein, 2018). Bernstein
(2018) explains that in the pre-digital era, architectural data or representation methods
were mostly characterized by hand-crafted drawings and personal experience.
Representation of buildings relied on plans, sections and such, allowing architects to
communicate complex spatial ideas through two-dimensional drawings. The reasoning
process was also rather manual, depending on mathematical formulas and human
judgment to solve rather tame problems. Collaboration happened through physical forms,
printed documents, and in-person meetings, which can count as another form of

traditional data sources.

Landscape of the architectural data has been reshaped by digital technology
(Bernstein, 2018). CAD technology brought the ability to draw more efficiently, but BIM

fundamentally started the true transformation by enabling to linking of geometry with

23



metadata about materials, systems, and performance. Data now travels directly from the
architect’s digital model to machines on construction sites. The collaboration evolved into
real-time, cloud-based platforms. This decentralization gave data fluidity across
disciplines. As time progresses, Bernstein (2018) suggests that architectural practice is
shifting toward an outcome-based design with predictive data and machine learning, as it
is visualized in (Figure 2.1). Historically, data and information served firstly to represent
design intent through hand drawings and physical models (Bernstein, 2018). Early digital
drafting tools enhanced production speed, but they did not alter the symbolic role of data.
With the arrival of BIM, data became dynamic. As architecture embraces machine
learning and big data, Bernstein (2018) foresees a profession organized around an
outcome-based delivery, where the value of data lies not in representation but in

performance and measurable results.

1980s-1990s 2010s
CAD- Computer Aided Big Data + Cloud
Design Real-time,
Digital Drawing collaborative
Symbolic Data Predictive Data
........... ..................................,.................................‘..........
Pre-1980 2000s 2020s
Hand Drawing BIM Al & Machine
Representation of Parametric, meta-data Learning
design intent. rich models Automation,
Behavioral Data generative design

Outcome Based Data

Figure 2.1 Timeline of the Architectural Data Evolution (based on Bernstein, 2018)

Although Mortati et al. (2023) primarily focuses on design thinking, which is still
relevant due to its valuable insights into how different forms of data, particularly big data
and thick data, can inform and enhance design processes. These insights are highly
relevant to architectural design, where the integration of diverse data types is increasingly
shaping how spaces are conceived and developed. Design thinking is predominantly
related to qualitative data, such as user observation or participant interviews (Mortati et

al., 2023). The architectural design process also carries similar features in terms of the
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qualitative data types it holds. Michelli et al. (2019) describes this type of quantitative
data as the main tools and methods for sourcing data, used in design thinking as
ethnographic methods, personas, journey maps, brainstorming, mind maps, visualization,
prototypes, and field experiments. Mortati et al. (2023) groups this type of data in design
thinking research as thick or enriched data. Still, the outcomes of the impact of big data
on design thinking are relatively limited. The main sources that sustain design thinking is
mostly based on qualitative aspects. This hypothesis also validates on some parts of the
architectural design process, as the process of ADP leans on qualitative data or thick data

on some levels.

Thick data refers to forms of data that go beyond simple observation and
quantification. It encompasses the context, emotions, intentions, and cultural meanings
behind human behavior, offering a richer and more nuanced understanding of social
phenomena. The concept first appeared in philosophical discourse as "thick description,"
introduced by Gilbert Ryle, who emphasized that human behavior should be interpreted
not only by its observable form but by the underlying intentions and meanings (Harrison,
2013, p. 860). Anthropologist Clifford Geertz later expanded this idea, framing thick

description to uncover the symbolic layers of cultural practices (Geertz, 1973).

In the context of design, thick data is seen as experiential material that can take
many forms, from tangible textures to natural visual patterns, serving as inspiration for
creative work (Mortati et al., 2023, p. 3). These inputs are deeply connected to emotional
and sensory responses, forming a basis for intuition and affective engagement in the

design process.

Architecture, in particular, is inherently multisensory. The way people experience
a space involves not only vision but also sound, touch, smell, and the perception of spatial
scale through the entire body. Sensory responses emerge from interactions between
material qualities and bodily presence, forming a comprehensive perceptual field (Holl et
al., 2008, p. 30). However, modern scientific approaches have often emphasized
reductionism, aiming to understand complex phenomena by breaking them down into
fundamental parts and treating the whole as the sum of these components (Pallasmaa,
1996, p. 449). This mindset has influenced architectural theory and education, which
frequently prioritize visual aesthetics and formal composition. Based on principles like

those taught at the Bauhaus, architecture has often been reduced to visual experimentation

25



with form and space, disconnected from real-life sensory experience or deeper cognitive

and emotional resonance (Pallasmaa, 1996, p. 449).

Thick data provides a critical counterpoint to these reductive tendencies by
emphasizing meaning, context, and human experience. It advocates for a more integrated
and embodied understanding of design, one that reconnects with the full range of
perceptual and cultural dimensions that shape how we engage with built environments.
Since the thick data needs assistance with the growing impact of technology, different
types of data need to be integrated into the design thinking process. In this situation, big
data becomes highly relevant. Mortati et al. (2023) approaches design thinking projects
with a blend of qualitative data and quantitative analysis methods and reveals which types
of data are used at which stage of design thinking projects. Thick data in design processes
is related experiential learning process targeted for enhancing creativity. Michelli et al.
(2019) states that, instead of seeing data as something technical, designers can creatively
work with data. Data in design today offers new ways to understand how people behave

and how spaces are used.

2.2 Understanding Knowledge

The definition of knowledge, like the meaning of data, is controversial and includes
different comments from various colleagues, and before we dive into the semantics, we
can identify that the beginning of the usage of writing systems gave knowledge a
cumulative and transferable aspect (Liew, 2013, p. 3). Hume (1979) mentions that sensory
experiences lead to the cumulation of knowledge, attributing it to a more experiential
notion. From a different period, Latour (1987) describes it from a scientific perspective
and calls it a ‘social construct’ that has been fed from scientific frameworks. In the Data-
Knowledge-Information trio, (Floridi, 2011) says it is contextualized and meaningful data
implemented in information. As a perspective in contemporary discussion, (Zins, 2007)
published an article in which he gathered the results of a study on information science,
the paper includes 130 different definitions of ‘data’, ‘information’, and ‘knowledge’
from 57 scholars in the major fields of information science. This article draws a broad
picture of current discussions and gives directions for blind spots and further

implementations.
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The idea of knowledge is flexible and diversified, and the classification depends on
the issue that people want to acquire. It requires a certain type of way to reach or have
access to so-called desired information (Rescher, 2003, p. 2). This mechanism manifests

itself in the formation of knowledge types as illustrated in (Figure 2.2).
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Figure 2.2 Knowledge Types (based on Zins, 2007 and Rescher, 2003)

Propositional knowledge is a cognitive process that resulted from the interaction of
people and facts (Rescher, 2003, p. 4). And it can be divided into two categories, which
are inferential and non-inferential (explicit) knowledge. Explicit knowledge is more time-
responsive, so to speak. It is more about actively paying attention or giving answers or
producing actions on demand (Rescher, 2003, p. 8). And it takes two forms as ‘Occurrent’
and ‘Dispositional’ knowledge. For inferential knowledge, it is a deeper type of
knowledge that develops in a course and that we can call process-dependent. Instead of
giving active answers, it can start from the outputs of the information obtained from

occurrent and dispositional knowledge (Rescher, 2003, p. 8).

To begin with, these discussions of describing knowledge are taking part in the
propositional knowledge specifically, which it has been referred to as ‘that knowledge’,
traditional epistemology focused on this. Approaches to describing knowledge appear in

two categories. The existence of the knowledge can manifest itself as a thought in the
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subject’s mind or may appear as an object (Zins, 2006, p. 449). Plato’s approach to it
appears as ‘justified true belief’, is a thousand years old, but Edmund Gettier challenged
it in his 1963 philosophy paper, where he describes cases that justified true belief may
not always be described as knowledge. After the Gettier Problems, different attempts for
the definition of knowledge have been proposed to eliminate these cases and still capture
knowledge.

The second approach describes knowledge by detaching it from the individual and
represents it as an independent object that results from objective propositions (Zins, 2006,
p. 450). Objective knowledge definitions also exist with counter-ideas that suggest
‘knowledge is not an independent object’ or an agnostic viewpoint state ‘we can’t know
objective knowledge exists outside of the subjective mind’. Along with these discussions,
Zins (2006) suggests that since we might not be sure knowledge is true, it is fairer to call
it ‘Universal’, ‘Collective’ or ‘Inter-Subjective Knowledge’. In the end, these two
approaches are complementary, and the construction of universal knowledge depends on
the interpretation of subjective minds. It is externalized by subjective knowledge with
devices such as documents, records, or physical objects (Zins, 2006). We can observe the

realms of knowledge in (Figure 2.3).

REALMS OF KNOWLEDGE
4 ) ( )
SUBJECTIVE KNOWLEDGE OBJECTIVE KNOWLEDGE
OR UNIVERSAL, COLLECTIVE
KNOWLEDGE

« In this context, equivalent to the )
knowledge of the subject or the + Equivalent here to knowledge as
individual knower. an object or a thing

« Exists in the individual’s internal « Exists in the individual’s external
world (i.e., as a thought) world

« Such as published in books,
presented in digital libraries, and
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\ J \\ J

Figure 2.3 Realms of Knowledge (based on Zins, 2007)
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These approaches to define knowledge guide users’ cognitive behaviour and their
research ability. They also led to the way of information retrieval and thus affected the
mechanism of information science (Hjerland, 1998, p. 606).

Rescher’s (2003) thoughts on knowledge are also intriguing, as he counters the idea
that knowledge is a ‘mental activity’. Rather than something you can acquire by being in
the process, he claims ‘to know’ is related to being a product of a matter. Differentiating
the verb of ‘knowing’ from such as wandering or thinking, one can know something
without engaging a person’s mental process. The act of knowing does not mean anything;

it is a cognitive relation with a fact.

We need to challenge the limits of knowledge, instead of focusing on what we
know, we can question ourselves with directive sentences such as ‘I cannot answer that’
(Rescher, 2003). This state of mind can direct us and may help us face our lack of or
limits of knowledge. If the knowledge is what we acquire from questions we can resolve
(Rescher, 2003, p. 3), then this area can be challenged by framing new questions within

an epistemological context.

Pursuing knowledge is sort of a natural process, because we feed on its outputs, as
we go along with our lives, it keeps posing questions and demanding answers (Rescher,
2003, p. 4). Since it is in our nature to understand, we will keep following that instinct to
satisfy it. As long as a mystery or some matter is demanding to be solved, that is what
keeps our life meaningful. Knowledge is an urge that leads us to acquire information
(Rescher, 2003, p. 5). We want to make sense, collect information, and most importantly,
understand the environment we live in. ‘Cognitive orientation’ is what keeps our minds
at ease, whereas ‘cognitive disorientation’ poses stress for our being (Rescher, 2003, p.
5). In the end, all of these activities are what keep us going for research, innovation, and

most basically to survive.

2.2.1 Data Information and Knowledge Models

Data, Information, and Knowledge models are conceptual approaches that are used
to demonstrate the relationship between them concerning each other. As we explored
earlier, there are various approaches and subheadings for defining each of them. Earlier
depictions of the DIK/ DIKW models established as a pyramid, hierarchically, but the

DIKW Pyramid evolved into other frameworks over time as scholars criticized its
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hierarchical structure by amplifying that the pyramid assumes a linear, step-by-step
progression, but in reality, these categories overlap and interact dynamically. Along with
them, many other studies are criticizing the decision-making processes in business
management, knowledge management, or domain-specific areas. The model had evolved
from static categories to action, decision making, and real-world applications (McElroy,

2003; Rowley, 2007; Snowden, 2002; Snowden, David J. & Boone, Mary E., 2007).

Cleveland (1982) introduced the DIK model, which was developed in information
science without the “Wisdom’ layer. Russell Ackoff (1989) was one of the first scholars
to explicitly add "Wisdom" to the pyramid. He emphasized that wisdom is not just about
knowing but about beneficially applying knowledge. Defines data, information,
knowledge, understanding, intelligence, wisdom, and emphasizes that the development
of wisdom is crucial to gain value. This draws attention to the way we obtain value and
how we define the terms, as it leads to the way of wisdom. Although Ackoff did not
provide a visual diagram, the pyramid representation has since become a widely used

schematic to represent the hierarchy as seen in (Figure 2.4).

WISDOM

KNOWLEDGE

INFORMATION

DATA

Figure 2.4 Visual Representation of the DIKW Hierarchy (adapted from the conceptual
model by Ackoff, 1989)

Literature of the wisdom in information systems and knowledge management is
limited to numbered researchers, even wisdom is at the top at the knowledge hierarchy

(Rowley, 2007, p. 174). Similar limited definitions also applied in psychology (Liew,
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2013, p. 5). Rowley (2007) comments it could be because the community views wisdom
out of their realm or it is thought too vague to be included. Or it is associated more to the
humanistic features than systems. For its limited discussions, ‘generally defined in terms
of value-driven (ethical) intelligent behavior’ (Baskarada & Koronios, 2013, p. 8). By
combining available definitions, Rowley (2006) defines it as ‘The capacity to put into
action the most appropriate behaviour, taking into account what is known (knowledge)
and what does the most good (ethical and social considerations)’. Both in practical and
theoretical discussions, wisdom is a multi-layered concept that maintains its link to the

knowledge and their interactive nature for the better.

Ackoff’s views on Data, Information, Knowledge, and Wisdom can also be
interpreted from the perspective of time. Representation of this approach shows that data,
Information, and Knowledge are part of understanding the past (Qabshoqa, 2017, p. 34).
Specifically for Knowledge, it also leans into the Present as we actively perform it (Clark,
2004). The Figure Continuum of Understanding, as illustrated in (Figure 2.5), represents
that we can gather knowledge with context and understanding. Cumulation of context
leads to the experiences one can make use of and, as the understanding of a subject grows,
one is more capable of handling experiences through researching, absorbing, doing,

interacting, and reflecting.
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Figure 2.5 The Continuum of Understanding (Esterbrook, 2012)
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Also, Bellinger et al. (2004) further refined the model, depicted in (Figure 2.6),
emphasizing that wisdom involves ethical judgment and deep understanding, not just an
accumulation of knowledge. Adding a wisdom layer brought the perspective of applying
knowledge effectively, highlighting decision making of information use. It is not just a
‘top’ layer but an ongoing cycle of refinement. They have offered a model that

emphasizes continuous feedback loops instead of a strict hierarchy.

(CONNECTEDNESS)
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Aders‘tanding principles

( KNOWLEDGE )

%:derstanding patterns

( INFORMATION )

/rlderstanding relations

DATA > @NDERSTANDIN@

Figure 2.6 The Transitions from Data to Wisdom (Bellinger et al., 2004)

Chaffey and Wood (2005) discuss the relative value of each stage within the
hierarchy, in (Figure 2.7), suggesting that as one moves from data to wisdom, the value
increases. This conceptualization underscores the transformation process from mere data

to actionable wisdom, highlighting the increasing value and utility at each stage.
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Figure 2.7 DIKW Hierarchy (Rowley, 2007)

Rowley (2007) criticised the current DKIW models that include a limited
perspective on the wisdom or how it culminates and questioned the rigid separation
between levels. Wisdom is not just a conceptual knowledge but is linked to real-world
decision-making. In the suggested model, which can be seen in (Figure 2.8), the concepts
such as meaning, value, and transferability as those terms mostly seen in definitions of

knowledge and information.
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Figure 2.8 DIKW Hierarchy Interpretation of Rowley (Rowley, 2007)
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Choo (2005) contributed to the hierarchy by emphasizing the role of sense-making,
knowledge creation, and decision-making in organizations. His work, in (Figure 2.9),
aligns with the idea that data transforms into information, then into knowledge, and

ultimately into wisdom through processes such as interpretation, context application, and

learning.
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Figure 2.9 DIKW Hierarchy Interpretation of Choo (Rowley, 2007)

Along with different approaches in DIKW, we could say there are some divisions
for constructing these models. Subjective and Universal Domain are the main theoretical
grounds for formulating DIK models (Zins, 2007, p. 488). In his article, Zins (2007)
analyzed 45 citations and spotted five different models for the most common DIK
definitions which depicted in (Table 2.8). The most common one, namely Model-1, aligns
with the Information Science. It takes Data and Information under the Universal Domain,
which is seen as an external phenomenon. Knowledge is less explored, which is seen in
the Subjective Domain therefore an internal matter. On the other hand, formulating
definitions of DIK and being reflective on the subject requires the cooperation of these

two domains.
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Table 2.8 Models for Defining Data, Information and Knowledge (Zins, 2007)

Model 1 Model 2 Model 3 Model 4 Model 5
UD SD UuD SD UuD SD UuD SD uD SD
D D D D D D D
I I I I I I I I
K K K K K K K
UD = Universal Domain SD= Subjective Domain D= Data I= Information K= Knowledge

Exploration of the individual terms and their conceptual formulations, points that
this is a highly versatile field. There are many definitions and models defining data,
information, knowledge and wisdom, yet circular definitions of the terms are problematic
(Liew, 2013, p. 2). Exploring their inter-relationships does not mean defining them. This
is a significant view on expanding or evaluating information science. Internalizing the
right set of mind and minding the inter-relationships would bring more value to the area

than numerous definitions.

2.2.2 Knowledge and Architectural Design in The Era of Big Data

With the Big Data era, knowledge creation methods have undergone a change.
Small samples and theoretic models were the basis of traditional knowledge, whereas, in
the era of big data, there is a movement towards data-driven knowledge where huge sets
of data are analyzed in order to identify patterns without explicitly beginning with a
theory (Kitchin, 2014b). Although there are promising new opportunities in big data, there
are also significant questions raised over data quality, bias, ownership, privacy, and the
politics surrounding data control. Big data is not neutral; it is under the command of

whoever collects it, how it is processed, and for what purpose (Kitchin, 2014b).

Traditionally, knowledge exists in often physical forms and therefore is more static,
central, and limited. But in the Big Data World, Floridi (2014) refers to it as infosphere
which means that knowledge is now co-existing side by side with machine-created
knowledge. Such a new approach introduces a new vision in design and architecture. As
humans, Floridi (2014) refers to as informational organisms, inhabiting this interactive
infosphere, built environment and world of information and now coexisting in this new

environment. The fluidity of the new environment provides designers the opportunity to
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challenge the old mindset of the space and depict the means of collaborating with data-
driven agents. When knowing tramforms into navigating and co-creation rather than
following a traditional static mindset, architectural design is also shifting. Spaces we
inhabit turn into physical and digital or phygital environments (Floridi, 2014). It demands
a new architectural strategy that addresses both physical requirements and digital
presence too. Because how we inhabit environments is also changing from physical to

informational physical.

In a world of over-connection and an excessive amount of information, it is
increasingly important to curate knowledge and determine what is significant (Floridi,
2011). Previously, knowledge developed through theoretical methods, beginning with
questioning and confirming or rejecting theories. Now, according to Anderson (2008a),
we need not start with theories; patterns can emerge directly from data analysis.
Architects also face the challenge of design flows of information, as architectural design

can now be approached through data-driven methods which reveal patterns.

Oxman (2006) refers to how architectural design evolves following digital
technologies and provides a model of digital design thinking. As digital tools (CAD, BIM,
parametric design, VR, generative design) entered, architects now make complex data a
part of the design process (Oxman, 2006). It also altered how knowledge is perceived as
‘dynamic knowledge’ in which architects are now working on live data in a more flexible

and adaptive manner.

All of the data or knowledge-based settings and newer technologies also bring new
skills and ethical issues. Large quantities of data that arise in numerous settings also bring
the significance of bias, sourcing, and choosing it. Main theoretical methods are also
shifting. What is upon designers in architectural design is to adopt concepts like data-
driven decision-making, ethical utilization of data, interdisciplinary collaboration, and

knowledge integration instruction.

2.2.3 The DKIW Hierarchy in Architectural Design and Effects of Big
Data

Floridi (2010) argued that we are entering a fourth revolution, one that reshapes not
just our place in the natural environment, but also the role of architecture. As reality shifts

toward an informational form, architecture follows. According to Floridi (2010), we are

36



moving into environments that are increasingly synchronized, delocalized, and correlated.
Just as earlier agricultural and industrial revolutions transformed our built world, Floridi

(2010) suggests that the information revolution will bring similar, lasting changes.

As an interpreted version of DKIW hierarchy in architecture, Qabshoga (2017)
illustrates the hierarchical relationship between data, knowledge, and value within
architectural design in (Figure 2.10). The model is based on the DIKW pyramid and
highlights how raw data, when systematically collected and organized, becomes
information. Through analysis, synthesis, and interpretation, this information transforms
into knowledge. Value, in this context, is established only when profound knowledge is
applied. The model emphasizes a top-down process where processing data leads to deeper
understanding and value creation in design decisions. Conversely, a bottom-up approach
allows observation of data types based on predefined values. The model underscores that
consciously operating data to drive the entire design process and business is essential for

realizing value from data in architecture.
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Figure 2.10 Data, Knowledge, Value Model (Qabshoqa, 2017)

Big Data, though not explicitly mentioned in the transformation of the DKIW
hierarchy, plays a significant role in reshaping it. It changes how data is sourced and
structured, and how decisions are made at every level which can be observed in (Table
2.9). The DKIW model’s complex flows are naturally intertwined with Big Data, but this
does not mean architectural intuition or ethics are being replaced. Instead, Big Data

redefines the field while leaving core human judgment intact.
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Table 2.9 Transformation of Data, Information, Knowledge and Wisdom Under

the Influence of Big Data (created by author)

Before Big Data Early Big Data Advanced Big Data  Next-Generation Big Data
Fragmented, Raw, unstructured Structured and semi- Real-time, context-
manually collected digital data (e.g., early structured integrated datal aware, Al-processed data
Data data (e.g., physical si climate records, basic (e.g., BIM metadata, (e.g., Digital Twins, live
surveys, hand- GIS datasets, sensor occupancy data, social user feedback, predictive
measured sketches) logs) media data) analytics)
Static reports and Aggregated into basic Dynamic dashboards Immersive, interactive
drawings (e.g., CAD digital formats (e.g., and analytical models environments (e.g.,
Informatior drafts, hand-drawn simple site analysis (e.g., BIM analysis VR/AR city models,
maps, paper reports, early GIS reports, energy real-time simulation
schedules) layers) simulation outputs) feedback)
Experience-based Manual expert analysis Collaborative knowledge Al-driven recommendations
interpretations (e.g., supported by digital systems (e.g., shared BIM combined with human
relying on accumulated tools (e.g., architects environments, Cri[mu"dgme,m (e.g., using
Knowledge personal design cross-checking GIS interdisciplinary data ?enel.ﬂauve deﬁg? bm‘
knowledge) | o iltering outputs for cultural
data with survey data) coordination) fit)
Intuition and Human expertise Data-supported but Human wisdom is
tradition-based enhanced by basic human-led strategic indispensable f_o_r ethical and
Wisdom decision-making (e.g > digital insights (e.g., decisions (e.g., choosing z;l::f:l;;‘:v(:lc:;ﬁnf:lg
choosing site early energy modeling building form based on proposals for soci:i
orientation based on influencing material multiple simulation sustainability and urban
customary practices) choices) outputs) fairness)

Sun et al. (2022) highlight that beyond Big Data, the deeper layers of data,
information, and knowledge models are just as critical for decision-making, especially
across broad systems like society. For architecture, this means that it is not enough to
manage large datasets like environmental inputs; we must also consciously expand and
structure the higher tiers of the DKIW hierarchy. As Sun et al. (2022) point out, DKIW
concepts are still underused in both academia and practice, despite the popularity of Big
Data analytics. This gap signals an opportunity: structured knowledge models could
strengthen architectural design processes, especially as we move toward more intelligent

analytics.

This shift is already visible. Oxman (2017) mapped the evolution of design
thinking, showing how it moved from physical materials to computational models.
Through practices like sketching by code, Oxman (2017) revealed how design skills and
cognitive approaches are fundamentally changing. In parametric design thinking, the
DKIW layers transform: data and information are translated into computational logic, and
knowledge is embedded directly into the design. Yet wisdom, the top layer, remains
distinct. Even as machines begin to support parts of the process, true wisdom still requires

human judgment.
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Of course, this connection between Big Data, DKIW, and architecture is not without
challenges, as Peters et al. (2024) notes that the DKIW hierarchy faces criticism in the
age of Al. Some argue it no longer fully captures the complexities of knowledge and
wisdom today. Acknowledging these critiques matters; it reminds us that wisdom remains
deeply human and social, and that any framework we use must be flexible enough to
adapt. Even so, the DKIW model still offers a valuable lens and might yet inspire novel

approaches to integrating data, knowledge, and ethics into architectural design.
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Chapter 3

Understanding Big Data

The concept of Big Data is framed within the larger context of technological and
societal transformation, where digital infrastructures and connected devices have made
data generation a pervasive part of everyday life. This shift is not only technological but
also epistemological, reflecting changes in how information is produced, interpreted, and
valued. Definitions of Big Data are explored through multiple disciplinary lenses,
showing how early descriptions focused on data volume and computational limits, while
more recent frameworks highlight dimensions such as velocity, variety, veracity, and
value. These evolving definitions reveal the complexity of categorizing Big Data and
underline its interdisciplinary and dynamic nature.

Historical developments trace the emergence of Big Data from early computational
advances in the mid-20th century to the rise of large-scale digital infrastructures. Military
and commercial efforts played central roles in shaping data practices and platforms, while
broader cultural and institutional shifts influenced how data was integrated into
governance, science, and daily operations. The scale and speed of data production led to
new methods of storing, organizing, and interpreting information, often accompanied by
ethical concerns such as privacy, control, and accountability. As data became more central
to decision-making, questions emerged about the authority to collect and interpret it, and
about the consequences of its widespread use.

Management strategies for Big Data are presented through its collection, storage,
and analytical processing. Tools and infrastructures such as data lakes, distributed
systems, and machine learning techniques enable the handling of complex and
voluminous datasets. Traditional methods are shown to be insufficient for managing such
data environments, leading to the development of new computational frameworks. The
evolution of data science reflects this shift, combining statistical, algorithmic, and
domain-specific expertise to generate insights. Alongside technical advancements,

concerns about transparency, theoretical grounding, and interpretive limitations are
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raised, especially in scientific contexts where data-driven methods sometimes replace
hypothesis-driven inquiry.

While Big Data has introduced significant possibilities for innovation across
disciplines and sectors, critical perspectives draw attention to its philosophical and
methodological implications. Data alone is not assumed to be self-explanatory. Instead,
its value depends on the ways it is framed, analyzed, and understood. This positions Big
Data not only as a technical phenomenon but also as a socio-cultural one that reshapes

how knowledge is constructed and applied.
3.1 Overview of Big Data

The arrival of advanced information and communication technologies (ICTs) has
fundamentally reshaped how data is generated, collected, and utilized across various
sectors. This transformation is evident in the expansion of digital devices and platforms,
ranging from mobile technologies and cloud computing to social media and the Internet
of Things, which are increasingly spreading through everyday life, capturing data from
work, consumption, communication, and beyond (Kitchin, 2014a). As a result, society is
witnessing what some have called a "data revolution," a period marked by the widespread
embrace of data-driven processes and promises.

This revolution is not occurring in a sterile environment; rather, it reflects historical
moments of revolutionary acts in the organization and interpretation of information, as
Kitchin (2014b) indicates. Much like the paradigm shifts triggered by the invention of the
printing press, today's explosion of data produces new modes of knowledge production
and understanding, driven by both the capabilities and the challenges of processing
massive volumes of information. Among these shifts, the culture of what Kitchin (2014b)
calls "data boosterism" has emerged, a widespread curiosity for the potential of big, open,
and even small-scale data to transform decision-making and innovation. While some of
this optimism is well-founded, much of it also borders on hype, raising critical questions
about how data is framed, interpreted, and deployed in different fields.

Since around 2011, the concept of Big Data has started to gain more attention than
most other areas of computer science (Ward & Barker, 2013). This interest has extended
beyond academia into the public and media world. Big Data comes not only with storage
and management issues, but it also includes socio-technical issues such as ethics and

privacy. The term Big Data originated from across multiple disciplines. Thus, Ward &
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Barker (2013) discuss how it can lead to contradictory interpretations as the early
definitions vary widely. Further, they point out that Big Data is mainly linked to two core
ideas: data storage and data analysis. These concepts already have their history in
computer science and information technologies, but the question of how Big Data is
fundamentally different from traditional techniques lies in its name. Ward & Barker
(2013) suggest that the challenge of the quantification of Big Data contributes to the
difficulty in the universally accepted definition for Big Data.

Currently, an almost incomprehensible volume of data is generated daily, with
current estimates indicating that approximately 402.74 million terabytes are created each
day (Duarte, 2025). Here, "created" refers to data that is newly generated, captured,
copied, or consumed. This daily output contributes to a projected annual total of 147
zettabytes in 2024, which is expected to rise to 181 zettabytes by 2025. The growth
trajectory has been exponential, with global data creation increasing 74-fold since 2010,
when only 2 zettabytes were produced. Notably, it is estimated that 90% of the world’s
data has been generated in just the past two years. A significant portion of this data comes
from video content of all global internet traffic. Social media platforms heavily contribute
to this figure, as video sharing becomes increasingly central to user activity. Supporting
this surge in data creation, the United States alone houses over 2,700 data centers to

manage the growing demand for storage and computational power.

3.1.1 Definitions and Characteristics of Big Data

One of the earliest uses of the term Big Data in literature belongs to Cox and
Ellsworth (1997), which refer to the large datasets in terms of their storage, management,
and visualization attributes. Diebold (2012) contributes to the origins of the term Big Data
by mentioning that before 2000, some academic and non-academic references to “Big
Data” existed but were generally superficial, lacking a deep understanding of the
phenomenon. Academics recognized the challenges of large-scale data but rarely used the
term itself. Notably, in the mid-1990s, Silicon Graphics Inc. (SGI) actively engaged with
the Big Data concept, led by John Mashey. Mashey produced a 1998 slide deck titled
“Big Data and the Next Wave of InfraStress,” explicitly acknowledging Big Data’s
significance. SGI also used the term in advertising from 1996 onward in Black Enterprise,
Info World, and CIO magazines. This shows that Mashey and SGI were early pioneers,
promoting Big Data as both a technical seminar theme and marketing concept, well ahead

of broader adoption in academia and industry, thus crediting them with early informed
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use and conceptualization of Big Data. Diebold continues that after the early industry use
of "Big Data" by Mashey and colleagues, there was at least one significant pre-2000
academic reference to the term within computer science. Unlike industry pioneers, this
reference came from the academic community. Weiss and Indurkhya (1998) not only used
the term "Big Data" but also showed a clear understanding of the phenomenon.

Another notable definition of Big Data is made by Alan Laney (2001) as an
organizational report. Even though the report itself did not mention the term ‘Big Data’
directly at that time, it is seen as one of the key definitions currently. Laney (2001)
implicitly refers to Big Data through the concepts of massive data volumes, high velocity,
and diverse data formats, emphasizing the challenges and strategies for managing such
data. While it does not provide a formal, precise definition of "big data," it describes the
phenomenon as an explosion of data (due to e-commerce, mergers, partnerships, etc.)
characterized by increasing volume, velocity, and variety that exceed traditional data
management capabilities. Volume refers to the amount of data generated and stored,
which increases with the depth and breadth of data collected from transactions and
interactions, velocity represents the speed at which data is created, captured, and needs to
be processed, especially in real-time or near-real-time scenarios like e-commerce
interactions and lastly variety describes the different formats, structures, and semantics
of data, leading to challenges in integrating and managing incompatible data sources
(Laney, 2001). Even though the first aspect often associated with the term 'big data' is its
size, Gandomi and Haider (2015) remark that additional characteristics have gained
recognition in recent discussions around the mid-2000s. As an organizational report,
Oracle’s (2019) definition of Big Data is also defined by the three V's: Volume, Velocity,
and Variety, encompassing large, fast, and diverse data from sources like social media
and sensors. This complexity challenges traditional methods, requiring technologies such
as Hadoop and NoSQL for effective management and analytics. They mention the
challenges posed by Big Data as the need for organizations to shift from familiar data
integration tools to new technologies, impacting productivity and increasing costs due to
the required new skills.

NIST Big Data Public Working Group’s (2019) report defines Big Data as datasets
that require a scalable architecture for efficient storage, manipulation, and analysis due to
their extensive size and complexity. Specifically, Big Data is characterized by four main
attributes, often referred to as the ‘Vs’. Fourth ‘V’, veracity, introduced by IBM to

address the uncertain and imprecise facets of data (Gandomi & Haider, 2015), which the
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original three Vs (volume, velocity, and variety) did not fully capture. Additionally,
Gandomi and Haider (2015) mention that the concept of big data's "Three V’s", Volume,
Variety, and Velocity, lacks universal benchmarks, as definitions vary based on a firm’s
size, sector, and location and evolve over time. These dimensions are interrelated; a
change in one often affects others.

Big Data is generated from a vast array of sources, which SAS introduced
variability (and complexity) as another key dimension, referring to the inconsistent flow
of data over time. Rather than maintaining a steady pace, big data often experiences
fluctuations, with intermittent spikes and drops. Complexity, as another key dimension,
involves connecting, aligning, cleaning, and transforming diverse sets of data, and
originally, Oracle introduced value or low-value density (Gandomi & Haider, 2015). But
also, in IBM’s (2024) web page about Big Data, another characteristic or ‘V’, is
mentioned: Value. Value in big data refers to the practical benefits it offers, such as
improving operations and uncovering new opportunities, by using analytics, Al, and
machine learning to turn raw data into useful insights.

Big data’s wide-ranging applications across different settings, disciplines, and uses
put the concept at risk of becoming vague and overly broad, essentially everything and
nothing (Simsek et al., 2019). Popular definitions that focus on characteristics such as
volume and variety have introduced uncertainty about what qualifies as big data.
Therefore, Simsek et al. (2019) define Big Data as a classification that refers to the
processes of generating, organizing, storing, retrieving, analyzing, and visualizing large,
diverse datasets. Its scale and variety introduce new methodological challenges in data
handling, epistemological questions about knowledge and interpretation, and politico-
ethical issues concerning privacy, transparency, and fairness. Thus, big data involves
complex technical, philosophical, and ethical considerations beyond just volume.

Favaretto et al. (2020) conducted a study to explore how researchers in psychology
and sociology interpret the concept of Big Data, assessing whether existing definitions
are seen as sufficient and examining the possibility of establishing a standardized,
discipline-specific definition. They found that although no single agreed-upon definition
of Big Data appeared, there were important overlaps. Most researchers describe Big Data
as huge amounts of digital data generated from technological devices that require specific
algorithmic or computational methods to address research questions. Many researchers
found the traditional “Vs” definitions (such as volume, variety, velocity) insufficient and

preferred more practical, usage-based definitions that focus on data collection and
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processing aspects. They conclude that Big Data is a dynamic, interdisciplinary
phenomenon rather than a single, fixed definition. This perspective may help address
some of the challenges that come with Big Data's conceptual vagueness and its role as a
hype term in academia.

Although big data has been defined in various ways, there is no single, specific
definition that encompasses all aspects. Many definitions focus on what big data does, its
applications and capabilities, while relatively few concentrate on what big data
fundamentally is (Bhadani & Jothimani, 2017). They further add that as technology
advances, especially in storage and processing capabilities, the data considered big today
may no longer be seen as such in the future. Therefore, the definition of Big Data is not
fixed but evolves alongside technical progress. Beyond just defining Big Data, it is crucial
to understand how to make the best use of this data. Extracting valuable information from
Big Data to support informed decision-making is where its real significance lies. In other
words, the value of Big Data is realized not just by managing its volume and complexity

but by leveraging it to generate meaningful insights that drive better decisions.

3.1.2 Evolution of Big Data

Scholars discuss that Big Data caught many off guard. Gandomi and Haider (2015)
contribute this argument, mentioning that normally, new technologies would first be
introduced through technical and academic literature, gradually spreading to broader
knowledge platforms like books. However, the swift advancement of big data
technologies and their quick adoption by both public and private sectors allowed limited
time for thorough academic discussion and conceptual development. They caution about
dangers like; false or misleading relationships that appear in big data simply due to the
vast amount of information and numerous variables analyzed. These misleading
correlations have not been thoroughly examined or addressed in prior research. Most
discussions tend to focus on identifying correlations but often overlook the deeper and
more complex issue of causation, like understanding whether and how one factor causes

changes in another.

The evolution of big data began in the mid-1990s with manageable datasets and
traditional methods, according to Badman and Kosinski in their (2024) IBM report. They
further explain that the internet’s growth and connected devices caused an explosion of

diverse data sources. Early innovations like Hadoop introduced an open-source
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framework that stores data across many servers and allows processing in parallel, making
it easier to manage large datasets cost-effectively. Apache Spark, another key technology,
improves on this by performing data analysis directly in memory, which speeds up
processing significantly. Data lakes serve as large storage repositories that keep raw data
in its native format, accommodating both structured and unstructured data. Data lakes are
ideal for high-volume and varied data, supporting advanced tasks like Al and machine
learning. Cloud computing further democratized access by providing scalable, affordable
storage and processing resources. Together, these technological shifts transformed big
data into a dynamic ecosystem that turns massive, complex datasets into actionable

insights, driving innovation across industries.

Gitelman (2013) traces the evolution of big data as a complex and historically
rooted phenomenon that reflects broader shifts in how knowledge is produced, classified,
and understood. Further emphasizes that what is often called "raw data" is inherently
processed and "cooked", challenging the common assumption of data transparency and
purity. The emergence of big data is linked to a historical move from traditional
knowledge systems, such as paper archives and classification schemes, to digital and
computational systems deeply embedded in the infrastructures of disciplines and

institutions.

Furthermore, Gitelman (2013) suggests that the rapid growth and scale of data in
the contemporary era, characterized as the "Age of Big Data", are marked by an
accelerated history comparable to past technological revolutions, like the rise of industrial
aquaculture or the development of cybernetics. These shifts are tied to the increasing
complexity of data, Gitelman (2013) adds, which often surpasses human understanding,
especially in scientific fields like physics and climate science. Overall, Big Data is
portrayed not merely as an abundance of information but as a deeply embedded social
and epistemic practice, shaped by historical, cultural, and infrastructural factors that
influence how data is classified, interpreted, and used. As another important point,
Gitelman (2013) emphasizes that accumulating more data is insufficient for effectively
managing the planet and society. Instead, it calls for a humanistic, interpretive approach
to analyzing data. This approach helps us understand the forms data takes and imagine
new possible futures, preventing us from being overwhelmed by the excessive amounts

of data available.
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Wiggins and Jones (2023) follow Big Data to its roots and point out that extensive
data collection activities characterized both the pre-World War II and post-war periods.
During the war, this primarily involved military data, whereas in the following decades,
the focus shifted toward the accumulation of personal data by various institutions. By the
1970s, the accumulation of data had begun to have far-reaching effects on individuals,
impacts that extended well beyond concerns of privacy alone. More than privacy, this
matter brought forward essential concerns about who holds the authority to make
decisions based on data, how those decisions are made, and who has the right or ability
to challenge them (Wiggins & Jones, 2023). In the 1980s and 1990s, privacy concerns
were largely set aside. It is safe to state that privacy concerns have emerged intermittently
over the decades, fading and resurfacing at different times, with a notable reemergence in
the 2010s as discussions increasingly linked privacy to broader issues of justice.

When discussing the emergence of the first commercialized digital computers or
machines, Wiggins and Jones (2023) highlight a significant detail: regardless of possible
ethical concerns, much of the computing innovation during that period stemmed from the
deeply interconnected efforts of commercial and military sectors, an indicator of the state-
led capitalist model common to the Cold War. Due to the situation that ‘Big Data needs
big infrastructure’, during this period, especially through military channels, the U.S.
government played a major role, covering over half of computer research and
development costs up to the late 1950s, and actively participated in the development
process. After these technologies became commercialized, they enabled the transfer of
data from formats like punched cards and prepared the way for new methods of statistical
analysis, as well as the collection of new types of data (Wiggins & Jones, 2023).

Technological shifts in data storage and processing did not occur entirely naturally;
the digitization of information required significant effort from various actors. As Wiggins
and Jones (2023) emphasize, over time, digital computers not only became faster at
performing calculations but, more importantly, expanded their ability to collect, process,
and store data. While early efforts focused on digitizing existing information, these
developments eventually reached a point where data could be captured and processed in
near real time. This advancement enabled major changes in how data was used,
particularly in the operation of large administrative systems such as airlines and welfare
agencies.

Critically and maybe most importantly, Wiggins and Jones (2023) add, the shift that

was often overlooked involves changes in institutional logics, specifically, the underlying
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decisions about what types of work and knowledge are valued, and how these should be
transformed or preserved. This suggests that, beyond technical developments, there were
deeper, often understated, shifts in how institutions operate and prioritize knowledge,
which are just as significant but less visible than the technological costs. Wiggins and
Jones (2023) also place a slight reminder about the consequences of excessive data
conversion and storage. They underscore that data is not simply abstract information, but
inherently material, dependent on dense physical infrastructures for its storage and
security. This materiality brings with it substantial technological and logistical
challenges. Additionally, the process of maintaining and managing vast amounts of data
demands significant human labor, much of which remains invisible or undervalued.
Together, these factors serve as a sobering reminder that the large-scale digitization and
storage of data entail hidden costs, both technical and social, that are often overlooked in
discussions about data’s potential.

The adoption of digital systems and electronic data processing was neither smooth
nor inevitable. Each shift required deliberate effort and advocacy, as there was significant
resistance from both employees and management. Even in the 1980s and beyond,
integrating technologies like computer modeling into industries such as finance involved
institutional restructuring. Overall, these developments faced persistent resistance, driven
by the complexity of human systems and concerns about the social implications of
automation (Wiggins & Jones, 2023).

According to the paper by Simsek et al. (2019), the evolution of big data reflects a
significant shift in how research is conducted and understood across disciplines. Initially,
big data was characterized by its vast volume, variety, velocity, and veracity, which
enabled new ways of processing and analyzing information beyond traditional methods.
This transition is described as shifting from theory to data-driven discoveries, from
causality to patterns, and from assessing a theory to insights born from data (Elragal &
Klischewski, 2017; Kitchin, 2014a; Mayer-Schonberger & Cukier, 2014).

While early big data efforts prioritized raw data collection and processing,
contemporary approaches recognize the importance of integrating theory to guide
analysis and interpretation (Simsek et al., 2019). The authors emphasize that this
progression allows management scholars to challenge existing theories and expand their
understanding of managerial phenomena through innovative methodologies. However,

they also caution that this evolution demands careful attention to research design,
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transparency, and the balance between data-driven discovery and theory-driven

reasoning.
3.2 Management of Big Data

Big Data is operationalized through processes that begin with its sourcing and
extend into its computational handling. A wide range of input channels contributes to data
collection, including digital platforms, smart devices, and embedded sensors. These
sources reflect the growing integration of technology into everyday systems and highlight
the ongoing transition from analogue to digitized environments. As data generation
increases, more sophisticated methods are required to store, manage, and make sense of
this information.

The evolution of data science captures how the field has developed in response to
these growing demands. Early limitations in data interpretation have given way to more
robust, scalable, and performance-driven approaches. Rather than remaining a purely
statistical discipline, data science now brings together knowledge from mathematics,
computer science, social sciences, and engineering. This interdisciplinary foundation
supports more effective strategies for analyzing real-world data and addresses the
complexities of working with large, fast-moving datasets.

Analytical tools and processing frameworks serve as the backbone of Big Data's
practical application. Traditional software and storage methods are no longer sufficient,
prompting the adoption of distributed systems, in-memory computing, and specialized
algorithms. Languages and platforms such as Python, Spark, and cloud-based services
allow for the processing of diverse and high-volume data in real time. These
developments not only enable better decision-making but also present new challenges in

data representation, interpretation, and technical infrastructure.

3.2.1 Sources and Collection of Big Data

Big Data management encompasses several key topics, including collection,
analytics, and storage (Badman & Kosinski, 2024). Data collection involves capturing
large volumes of information from various sources, such as transactions, social media,
and IoT devices. Storage solutions include data lakes, data warehouses, and data
lakehouses, which store raw, structured, semi-structured, and unstructured data in

scalable environments. Data analytics employs tools like machine learning, data mining,
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and statistical methods to identify patterns, trends, and insights within the data. Effective
management ensures data quality, integrity, and accessibility, enabling organizations to
derive valuable insights and support decision-making processes.

Bhadani and Jothimani (2017) explain the various sources contributing to the
generation of big data, emphasizing how technological advancements have significantly
increased the volume of data produced across different sectors. As industries convert
physical records and analog information into digital formats, the amount of data available
for analysis grows substantially. Advances in technology continue to accelerate the
generation of this data. Additionally, the implementation of “smart” instrumentation
contributes to big data generation. This finer granularity in data measurement creates a
wealth of detailed data points, reflecting the broader trend that smarter, automated devices
are producing large quantities of data in real time. Together, these factors, industrial
digitization, technological advancements, and smart instrumentation, are key drivers in
the rapid expansion of big data sources which can be seen at (Table 3.1).

The Internet of Things (IoT) has become a significant new source of data generation
as an addition to social media data (Bhadani & Jothimani, 2017). [oT refers to the network
of interconnected devices embedded with sensors, software, and other technologies that
enable them to collect and exchange data over the internet. This data is valuable for real-
time monitoring, analysis, and decision-making aimed at enhancing operational
efficiency, resource management, and quality of life. Thus, IoT serves as a vital and
growing contributor to big data, complementing data from traditional sources like social
media by providing rich, real-world information from physical infrastructure and

environments.
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Table 3.1 Sources of the Big Data (based on Bhadani and Jothimani, 2017)

Sector / Domain Types of Data Generated Key Purposes / Use Cases

Astronomy Star movement data, satellite signals, space weather signals Space exploration, climate modeling, satellite tracking

Financial Market transactions, news feeds, trading algorithm logs Real-time trading decisions, fraud detection, financial forecasting
Healthcare Electronic Health Records (EHR), wearables data, genomic sequences | Personalized healthcare, outbreak monitoring, predictive diagnostics
Internet of Things (IoT) Edge sensor streams, device signals, context-aware data Smart infrastructure, energy efficiency, predictive maintenance

Life Sciences DNA sequences, protein structure data, lab experiment logs Drug development, genetic research, treatment optimization

Media & Entertainment Streaming metrics, user engagement logs, AR/VR interaction data Audience analysis, content personalization, media strategy

- . . . Consumer behavior analysis, trend prediction, social dynamics
Social Media Posts, videos, sentiment tags, interaction histories ¥ P Y

research
Telecommunications Call Detail Records (CDR), app usage. geolocation data Network optimization, churn prediction, service personalization
Transportation & Logistics GPS, RFID data, fleet signals, transaction logs Route planning, delivery optimization, supply chain efficiency
Video Surveillance CCTV/IPTV feeds, facial recognition, movement detection data Security monitoring, behavior analysis, access control
Smart Devices Voice assistant logs, device usage patterns, AR/VR input Adaptive interface design, smart home analytics, behavior prediction
Metaverse & Virtual Worlds Avatar movement data, interaction signals, 3D environment logs Z;j’[‘l::]z:‘i:'cncc design, user engagement metrics, digital twin
Agritech Soil sensors, drone images, satellite crop data Precision agriculture, crop yield prediction, climate risk analysis
Autonomous Systems LIDAR scans, vehicle telemetry, object detection sequences Navigation, decisi aking, collision

3.1.2 Evolution of Data Science

Until the 1980s, though storing large volumes of data became manageable,
analyzing that data for meaningful insights and economic value remained a major
challenge (Wiggins & Jones, 2023). During this time, there were few effective tools to
extract understanding or profit from the growing data sets. From the late 1980s onward,
the focus in computing shifted toward optimizing measurable tasks, such as handwriting
recognition, using real-world, often messy data. This shift prioritized practical
performance over abstract goals like artificial intelligence, encouraging the development
of scalable, high-performing algorithms. As a result, the field moved toward
performance-based competitions, which helped organize the research community but also
narrowed its focus away from earlier, more conceptual ambitions.

Data science does not have a single, clear definition. Instead of defining it precisely,
Wiggins and Jones (2023) focus on how the term has been debated over time. As data
science gained importance in industry and academia, with new jobs, funding, and
university programs, people began to argue about what it really means. These debates
often compare data science to related fields like statistics, machine learning, and data

mining. According to the authors, the disagreements are not just about technical
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differences but about who has the authority to work with data and who gets access to
resources and influence. Thus, data science is described as a field shaped by social,
institutional, and power-related dynamics, rather than just a fixed set of tools or methods.
Data science is sometimes presented in an overly ambitious way, as a "master discipline"
with the power to reshape science, business, and government. It is portrayed not just as a
technical field, but as one that reorganizes knowledge and power in today’s institutions.

Elaborating further, Wiggins and Jones (2023) emphasize that data science has
diverse and mixed roots. It comes from advanced mathematics and academic
environments, but also from practical work in marketing, politics, and engineering. This
"impure" blend reflects a broader trend: the rise of automated decision-making systems
powered by large-scale data infrastructures. They also highlight that data science emerged
from the intersection of statistics applied to real-world data, machine learning, and data-
driven business practices. A key part of its evolution includes the role of statisticians who
challenged traditional academic approaches and pushed the field toward greater
engagement with real-world data and practical problems.

Between the 1960s and 1990s was a transformative period in the development of
data analysis as a discipline, largely inspired by statisticians like John Tukey and his
colleagues at Bell Labs (Wiggins & Jones, 2023). Approaches to statistics and data have
evolved from rigid, mathematically focused theory toward a more flexible,
computationally empowered, application-driven discipline focused on comprehending
the increasingly massive and complex data generated by the modern world. Wiggins and
Jones (2023) outline the early 1990s as the emergence and growth of data mining as a
distinct field in response to the rapidly expanding volumes of data generated by
businesses, government, and scientific research in the late 1980s and early 1990s. In this
era, data mining has matured as a field focused on the scalable extraction of patterns and
knowledge from massive databases, instrumental in enabling industries and scientific
domains to open into their enormous, otherwise underused, data resources.

The late 1990s saw critical breakthroughs in scaling search and data mining for the
web’s enormous and unstructured data. Stanford’s MIDAS group, through Sergey Brin
and Larry Page, developed foundational algorithms that powered Google and
revolutionized how people accessed and used web information on the go. The first decade
of the 2000s witnessed the evolution from traditional data mining to big data analytics

powered by the explosion of web-generated data, advances in distributed computing, and
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the rise of the data scientist, setting the stage for modern data science practices and
technologies (Wiggins & Jones, 2023).

Providing a critical perspective on Al in data science, Wiggins and Jones (2023)
explain the direction artificial intelligence has taken by highlighting a significant shift in
values. They point out that modern Al, especially through machine learning and data
science, has become narrowly focused on optimizing measurable outcomes rather than
pursuing the broader, more philosophical goal of understanding or replicating human
intelligence. This shift, from curiosity-driven research to performance-based, industrial-
scale data processing, is seen as contributing to today's ethical and political challenges
surrounding Al. They also argue that the commercialization and industrialization of data
have moved Al far away from the original vision of early pioneers like John McCarthy,
who aimed to build systems that mimic human reasoning. Instead, current Al systems
prioritize learning from large data sets to achieve profitable and efficient results, often
neglecting deeper concerns about fairness, transparency, and meaning. Thus, the authors
suggest that the evolution of Al has come at the cost of its foundational values.

Bhadani and Jothimani (2017) contribute to the discussions in data science by
pointing out that the emergence of it has been led by technological advancements,
combined with the challenges. Data science integrates knowledge from multiple
discipline, which is depicted in (Figure 3.1), to effectively address the complexities of big
data analytics. This interdisciplinary approach helps in developing comprehensive
methods and models that not only analyze data but also consider human behavior,

economic factors, and social dynamics.
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