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Abstract 

Philosophy is not the first to come to mind when we hear the notion of data.  However, in this 

paper, we philosophise data, meaning, that we dig deep into philosophy in order to figure out 

how and why humankind elevated data to such a prestigious position that we do not believe it 

deserves.  Our departure point is Russell Ackoff’s hierarchy of mental content types, which we 

supplement with a historical overview of the human (particularly scientific) thinking since the 

first industrial revolution.  In a sense, we explore the origins of positivism.  We synthesise the 

works of Michael Polányi, Theodore Roszak and Gregory Bateson to find a more meaningful 

position, in which data and knowledge are different but can (and should) coexist.  With Jerome 

Bruner, we argue that data can be used to support and elaborate ideas or to serve as sources of 

ideas – but ideas do not come from data. 
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Introduction 

In this paper, we philosophise data, trying to understand why data has become so elevated, why 

the process of developing knowledge has become so badly misrepresented, the impact of 

accumulating and distributing all this data to people.  Based on the insights we obtained, we 

tentatively propose a different approach.  The study has started as a sidebar project of a bigger, 

arguably a more serious one, in which we are trying to understand what makes artificial 

intelligence (AI) implementations a success or failure, and soon ended up engaging in the 

philosophical dimension of AI.  However, as we tried to find out what was across the 

philosophical AI landscape, we constantly hit some barriers in the form of handling data.  The 

first author of this paper works in robotic process automation (RPA), and he noticed that in at 

least 80% of implementation cases there is no need for AI, only for clearly understanding the 

client’s data and what to do with it.  So, we decided to take a step back, and try to figure out 

what is going on with data and how it can be philosophically grounded.  After all, AI today is 

often emphasised to be data-driven, so understanding data should help understanding AI. 

Big data, data pools, data mining, data analytics, data science are very popular terms today that 

imply that a new branch of science has emerged and it is going to revolutionise how we do 

business, how we obtain new insights about our customers and ultimately data science will 

create the next wave of economic growth.  Data is presented as something good on its own 

right, we should almost expect that data will make us happy.  So, what is data?  The Cambridge 

dictionary defines data as: information, especially facts or numbers, collected to be examined 

and considered and used to help decision-making, or information in an electronic form that can 

be stored and used by a computer.  This entry requires revision, even at its most basic 

description, the Cambridge Dictionary uses the words data and information interchangeably, 

this points towards a wider issue of the lack of clarity of definition, which we try to explore in 

some way with this paper.  The ideas that lie behind words shape our thinking and how we 

might approach a specific problem. 

The argument we provide in this paper is a form of theorising, which is based on observations 

from consulting and educational practice of the authors.  These observations were not part of a 

systematic empirical study, they are anecdotal in nature embedded in processes that had 

different purposes, and only adopted as the starting point of this study with hindsight.  As such, 

we do not make any empirical claims, what we offer is pure theorising, very much like the 

approach often used in Gestalt psychology, when usual everyday experiences that most people 

are familiar with are explained through theorising.  We believe that most readers will relate to 

our initial picture about data the same way, that they will find the picture familiar.  Our 

experience is that data has become synonymous with being in control, and giving individuals 

and organisations the edge.  The data industry is worth more than 440 billion euro within EU27 

and UK in 2020, with a forecast of over a trillion euro’s by 2025 (statista.com, 2020), and we 

are all scared we are missing out if we do not have enough of it, have systems to process, 

catalogue and analyse it, and produce real time “decisioning”. 

Before we start our main argument, we outline our approach to literature and theorising, 

examine the cultural significance of data, review the nature of data in the context of human 

thinking, detail the transformation process of data moving up through the hierarchy of types, 

highlight the challenges with the current data paradigm, propose the reasons why data has 

become so big including both technology advances and the demand from organisations, discuss 
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the impact of all this data and finally come back to the question underpinning this paper of 

where is the information we have lost in the data? 

Our approach 

To really understand why data is culturally so important, we turn to the literature, which 

provides a historical perspective as we believe we need to understand the past including that 

which underpinned the First Industrial Revolution and work forwards to really address why 

Positivism and particularly Rationalism has such a strong hold on our thinking even today as 

we look at data.  This focus on old is not because it is outdated but because we are trying to 

unpick the origins of the problems and really discover their roots.  However, this is not a 

literature review paper, for two reasons. 

First, there is the thin empirical part, our experience from consultancy and education that served 

as our inspiration and starting point.  The ‘evidence’ that we have from this empirical part is 

labelled ‘thin’, as we did not set out to collect data, we were going about our daily work, and 

observed what we have seen, noted patterns from working our clients and teaching students, 

particularly practitioners in MBA and specialised master courses.  As this evidence is ad hoc, 

unsystematic, anecdotal and arguably somewhat arbitrary, we do not make any empirical 

claims.  However, this experience provided us with a focus, and framed what we were reading 

and how, in a sense, it was our initial conceptual framework.  It was also the purpose of our 

study to explain what we have seen, to gain insights, to understand (cf Pyrko et al., 2019). 

Second, we did not read what has been said about the topic recently, as we were not so much 

interested in current opinions but in historical roots.  In a sense, we engaged in what Foucault 

(1972) termed an “archaeology of knowledge”.  Instead of reading about a topic, we embarked 

on reading philosophy and digging out what was relevant.  Furthermore, we do not just review, 

critique, analyse and synthesise the literature, we blend what we read with our interpretation of 

it, our own thoughts prompted by the literature, and we kept thinking together (cf Pyrko et al., 

2017) testing and challenging each other’s thoughts, elaborating each other’s ideas, and so 

forth.  In short, we offer a conceptual paper that is informed by and intertwined with the 

literature. 

Our choice of literature is also somewhat unorthodox.  We largely ignore the recent 

contributions, we go back a few hundred years, and we focus on the most remarkable works of 

philosophy that we find relevant to understanding the role of data in science and, more broadly, 

in human thinking.  Our exploration started with the inception of the modern thought, i.e. the 

philosophy of the period labelled modernism or positivism and often the ‘age of reason’ 

(Simon, 1983).  How the age of reason became the age of data?  Where are all the other aspects 

of reason? 

Why data is culturally so important? 

We look into the cultural aspects of data in three steps, all focused on the same time period.  

We start with the first industrial revolution as a frame, and then look into the two roots of 

positivism, namely empiricism and rationalism. 
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Legacy of the First Industrial Revolution 

The first industrial revolution (c. 1780-1840), the one that set the foundations, was about the 

mechanisation of agriculture and textile production, freeing up labour from traditional 

agriculture and drawing that labour into cities like London to fuel the factories.  In parallel with 

this the trade routes multiplied 4 times during this period (Hobsbawm, 1962: 172) to distribute 

production to the Colonies, America’s and beyond, taking with it not only the goods but also 

the idea that “data” in all its forms underpinned this revolution. 

Why is this important?  It was the voice of a very British version of the Industrial Revolution 

which silenced all others, and subsequent industrial revolutions were built on these foundations 

including the thinking of philosophers like Francis Bacon and René Descartes who were 

wholeheartedly embraced by the British establishment.  What is it about Bacon and Descartes 

that so strongly shaped the British version of the truth to a pursue a positivist standpoint both 

economically and politically?  Let us take each in turn. 

Empiricism 

It was Bacon that said “So, the root of the trouble is this:  If the notions are confused, having 

been sloppily abstracted from the facts, nothing that is built on them can be firm.  So our only 

hope lies in true induction” (Bacon, 1620: 5).  Bacon, who carried political weight in parliament 

and with the monarchy throughout his life, promoted that only through inductive reason(ing) 

can generalized conclusions be made from particular instances.  His ideas certainly have a place 

within the era of scientific enlightenment.  The challenge, then as today, is that if we follow 

this through to the end there is a tendency to jump to conclusions because only what can be 

observed or measured is true (we resist here to engage in the problem of induction). 

At the heart of what Bacon left to the scientific community was the need for rigorous 

classification of knowledge, and the belief that “knowledge is power” (attributed Bacon), a 

deep belief that underpins our obsession with data.  In addition, Bacon was also very influential 

in the decision of Great Britain to establish colonies in North America, and at the same time 

exporting these new ways of thinking, as exemplified by the statute of Sir Francis Bacon inside 

the Library of Congress, Washington DC. 

The legacy of Bacon’s empiricism continues until today, with Herbert Simon, one of the 

pioneers in both the cognitive and computer sciences, was himself a student of logical and 

empirical science (Simon et al., 1952: 494).  Simon (1997: 55, 68) Explained himself that his 

starting point for fact and value in decision making was rooted in logical positivism. 

Rationalism 

Descartes was a mathematician and natural philosopher best known for his argument that the 

mind is distinct from the body (Substance dualism or Cartesian dualism), a problem that 

continues to exist today in our approach with data-driven AI.  He also played into the notion 

that the only way to truly understand something was to separate it and break it down into its 

constituent parts.  This was done through a process of deduction by following a defined set of 

rules “always starting with the simplest and easiest things and never going beyond them till 

there seems to be nothing further which is worth achieving where they are concerned” 
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(Descartes, 1985: 20).  He went further professing that these simple foundation understandings 

will allow the pursuit of more “advanced sciences” (Descartes, 1985: 20). 

What is clear is that between these two philosophers, a revolution happened that shaped how 

we think.  Revolutions, whether industrial or political, have many fathers and mothers; at the 

heart of the industrial revolutions was the concept of productivity, the first industrial revolution 

was driven by mechanisation, where people worked to the beat of the physically “superior” 

machine.  The drive was to control through calculating the lowest common denominator, with 

increased productivity evidenced through comparing our success to others on a purely 

numerical basis and the sentiment of this has not changed much. 

The legacy of this is twofold: (1) there is little to no room for coming at “logical” thinking 

other than the scientific revolution approach and (2) data has become the assumed cornerstone 

of all thinking. 

Data in the context of human thinking 

The use of words such as Big, Mining and Scientist with the word Data has given it an implied 

weight, an elevated significance.  As if the reason we lack insight, or a clear way forward is 

because we do not have enough of this substance called data.  We need to “dig” for it or get a 

better understanding through applying science.  This supposed building block of our new world 

and the foundation of Artificial Intelligence, some call the 4th Industrial Revolution, a digital 

revolution with the possibility of billions of people being connected.  Klaus Schwab, Founder 

and Executive Chairman of the World Economic Forum stated: “It is characterized by a fusion 

of technologies that is blurring the lines between the physical, digital, and biological spheres.” 

(Schwab, 2016); which has become the quest of many individuals, every organisation and even 

at a government level there is a strategic plan to leverage it. 

Next we provide an overview of what data is in the context of knowledge, based on the 

hierarchy of content types (Ackoff, 1989: 3).  Along the way we demonstrate that data is not 

interchangeable with knowledge through considering the underpinning transformation process 

that enriches the data to make it information and the process that adds to information to make 

it knowledge in relation to the human mind.  For the purposes of this exercise, we are not going 

to go into detail on the higher levels of human thinking, namely understanding and wisdom, 

we choose to pause at knowledge in the context of human thinking. 

So, what is data?  There is a truth in TS Elliot’s opening song in The Rock: A Pageant Play 

that contained the following lines: 

Where is the wisdom we have lost in knowledge? 

Where is the knowledge we have lost in information? 

It is not a great leap to ask the question, ‘Where is the information we have lost in the data?’, 

which is the title of this paper and we will return to this question as we explore this topic of 

data. 

It is Ackoff who offers the following useful definition of Data and associated transformative 

processes, although even at this early stage he finds it hard to not describe data from an 
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information systems perspective, despite his intention to create a hierarchy of the types of  

content of the human mind. (Rowley, 2007: 166) 

Data are symbols that represent properties of objects, events and their environments.  

They are products of observation.  To observe is to sense.  The technology of sensing, 

instrumentation, is, of course, highly developed.  Information, as noted, is extracted 

from data by analysis in many aspects of which computers are adept. (Ackoff, 1989: 3) 

The central issue with data is that as a fundamental element it is of no value or meaning unless 

it is processed into something useable, something relevant, something called information.  The 

value of data is in its potentiality to move up the hierarchy of content types to become 

information or knowledge or understanding or wisdom.  (Ackoff, 1989: 3) 

The difference between data and information is in information’s ability to inform, to be 

descriptive in that it allows us to describe circumstance, or simply put, answer the 

fundamentally basic information gathering questions as outlined by Aristotle of who, what, by 

what means, for the sake of what, why and how (Sloan, 2010: 239).  It is clear that “information 

is definable as a difference which makes a difference” (Bateson, 1972: 321), and that the 

difference between data and information is in its function rather than something structural, it is 

not about what it is like in itself but what it does above itself, in the sense of logical types by 

Russell (Bateson, 1972: 480-481). 

In Ackoff’s hierarchy of content types, the value of the content increases as we move up the 

level of human thinking.  For value to be added to information it needs to be applied to a 

particular situation and observe an outcome.  It is in this process of applying information to a 

particular situation that information becomes knowledge.  Perhaps we would agree there is a 

hidden aspect to the application of information, the process of transformation into knowledge 

comes from the memory of previous actions or experiences and the feeling that came with that, 

in many cases this situational experience can be without awareness or consciousness, or even 

necessarily be obvious to those around us.  This knowing or awareness of past events and 

experiences and attending to the situation at hand, is part of the functional relationship that 

Polanyi calls “tacit knowing” (Polanyi, 1966: 10).  Polanyi draws on previous research by 

psychologists Lazarus and McCleary in 1949 and calls this subception.  Subception describes 

the surfacing of knowing what action is pertinent to a specific set of circumstance based on 

prior event memories (Polanyi, 1966: 8).  We dig a little further into this in more detail in the 

next section, when we explore the process of transformation. 

As humans we can make the leap of applying what we know to a situation we have never 

encountered before, for a computer this is arguably impossible, at least, very hard.  With this 

in mind the statement made by Polanyi makes sense and certainly provides a natural staging 

point in the hierarchy of thinking, as knowledge must be expressed as a tangible outworking 

of the “thought” process in that, “true knowledge lies in our ability to use it.” (Polanyi, 1966: 

13).  The value of knowledge becomes evident to the wider audience as it is shared and 

verbalised so that others can connect with their own knowledge as part of learning (Bateson, 

1972: 428). 

This leads to the conclusion that knowledge is in its simplest form explicit, and yet tacit 

knowledge is the differentiator when it comes to the value response created for the people and 

organisations it concerns. 
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What is the process of transformation? 

The transformation that moves data up the hierarchy of content types requires enrichment and 

adding context to it.  With enough context and enrichment data is elevated to information, it is 

this context that makes it interpretable.  Already at this stage we make decisions about what 

data is sufficiently important to include in the enrichment process, so there is a reduction right 

at the beginning of the process of transforming data into information (Ackoff, 1989: 3): not all 

data ever becomes information. 

For the human mind this is something we do with very little obvious effort, the decision about 

what is relevant and the connections to other data that enrich the mental landscape is happening 

all the time with no noticeable effort.  For a computer we need to be explicit regarding the rules 

of retention and enrichment that we want to apply.  This all is taking place before even reaching 

the level called knowledge. 

It is at this point many organisations stop and equate information with knowledge, and go on 

to mass-produce information labelled ‘new knowledge’ in order to enhance their individual 

and organisational intelligence.  At best we have explicit knowledge as indicated earlier, such 

as facts about a process or person, for example, the application of the information generated 

from a credit scoring process being applied to a loan application.  What is a lot more difficult 

is the tacit knowledge which allows us to make a discovery or solve a problem that we cannot 

even determine yet (Polanyi, 1966: 24). 

Even in this “process” there is an implied action of evaluation whether this new knowledge is 

useful or not.  As Roszak states “Depth, originality, excellence, which have always been factors 

in the evaluation of knowledge, have somewhere been lost”. (Roszak, 1994: 22)  The real 

danger here is to ignore these evaluative (and thus necessarily subjective) aspects and go 

blindly into this process, as then we lose something vital in prioritisation and enrichment. 

Explicit knowledge is relatively easy to acquire, build and share, however it is often in the tacit 

space of knowledge that the meaningful decisions, actions and associated value are derived.  

Tacit knowledge is the very thing that leads us to make new discoveries, for the purpose of this 

discussion we are going no further than data becoming explicit knowledge, the capture of tacit 

knowledge is beyond the scope of the discussion here. 

The counter-argument to ‘tacit knowing’ has been postulated by Marvin Minsky who was very 

much in the “mind is what the brain does” camp, where intelligence itself is made up of the 

interactions between a number of non-intelligent building blocks collectively called society of 

agents (Minsky, 1987: 18).  Minsky also offers an argument based on his research with 

robotics, suggesting that what we view as thinking is a set of subroutines controlled by a 

“master programme” (Minsky, 1987: 29).  This concept is something that Newell, Shaw and 

Simon (1958: 151) also postulated, the idea that human problem solving is a set of discrete 

information processes which, when brought together, generate the externally observable 

behaviours of problem solving.  Simon went on to further expand this concept in The Sciences 

of the Artificial where he developed the concept of the different components of memory and 

the ‘mechanism’ of human thought.  He also postulated that the process of human thinking was 

simple and that complexity was as a consequence of the environment we find ourselves in 

(Simon, 1996: 68). 
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The issue with this mechanistic perspective is that it assumes because outwardly the artificial 

emulation of human thinking looks like the component parts of human thinking, that is how it 

functions.  We disagree, we believe that AI cannot emulate human thinking or learning 

(Dörfler, 2020, 2021).  This path would lead to believing that human thinking is simple, with 

enough data we can automate the process of human thinking, something that has been stated 

by many consultants would agree with their colleagues from Ernst & Young (EY) that “big 

data can eliminate reliance on ‘gut feel’ decision-making.” (quoted in Martin and Golsby-

Smith, 2017).  What all of this ignores is the tacit aspect of knowing. 

Coming back to the process of elevating data to information and further to knowledge as 

described by Ackoff’s hierarchy of content types, it becomes clear that the process by which 

this transformation happens is best described as ‘tacit’ in nature and if it is tacit it becomes very 

hard if not impossible to codify despite the claims of Minsky and Simon.  By oversimplifying 

and not acknowledging the unseen part of this process we are impeding the process of discovery 

that comes as we work our way up to higher-value areas of human mind.  There is a reality that 

we end up imposing a glass ceiling on managers within an organisation who by their very 

nature are being paid to manage the indeterminate aspects of the business, because if we truly 

understand something, we do not need managers to manage, we just follow standardised 

processes.  Michael Polanyi goes even further to argue that all knowledge involves a tacit 

dimension.  He employed the term ‘tacit’ to refer to the elements of human knowledge that are 

not only unarticulated (Miller, 2008: 937) but also impossible to articulate (Stierand, 2015: 

600).  If we can embrace the tacit it will lead “to the yet indeterminate implications of the 

discovery arrived at the end” (Polanyi, 1966: 24).  Is that not what life should be about, whether 

private or corporate? 

The Challenge with the current paradigm 

The challenge with modern science is that it has not moved much beyond the thinking of Bacon 

and Descartes which underpinned the first industrial revolution where the perceived truth 

would tell us that data is paramount, if it cannot be observed it should be discounted. 

It would tell us that we need to detach ourselves and be objective if knowledge is to be not 

diminished, anything short of this would be considered a defect.  What if in the process of 

denying the personal element of knowledge or the “tactic” aspect of knowledge we actually 

reduce if not remove the possibility of truly creating a “difference”.  Knowledge or idea is 

something that undergoes successive transformations over time (Bateson, 1972: 321), it is 

something that is added to and even at times subtracted from, for as we truly understand 

something, it becomes simplified.  Knowledge is not static it is something that is built on and 

connected to. 

If we take the simple example of a flyball governor on a steam engine which turns at a 

predefined ratio of the crankshaft speed through gearing, the information between the load and 

the engine speed is acted upon, turned into knowledge, through the construction design, so as 

the engine slows down due to increased load, the pressure on the springs is reduced hereby the 

steam valve is opened allowing more steam into the engine so the engine speeds up.  This 

information to knowledge relationship that allows the “governor” to control the steam engine 

is locked into a particular construct and can never change. 
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However, unlike a governor on a steam engine, an idea can evolve and develop into something 

else as it is not restrained by the mechanical structure.  As described by the Gestalt 

psychologists, the processes at work in living things and their mental comprehension are akin 

to each other and both embody principles that are not present in inanimate objects (Polanyi, 

1966: 43).  As with living things the operating rules at a higher level cannot be derived from 

those at the lower level and therefore the lower level cannot bring into existence the higher 

level (Polanyi, 1966: 45).  This process of transformation is called emergence and very much 

reflects the process for human thinking to move up the hierarchy of types as described by 

Ackoff.  This is the part of the transformation of ideas into information and knowledge that is 

“tacit” in nature.  It has been said that many true innovations have come about through 

“accidents” or leaps where the tacit is clearly dominant in the process in creating truly new 

knowledge, explicit become subservient to the tacit.  Similarly to St Augustine who in quoting 

from the bible, Isaiah 7:9, said “Unless you believe, you shall not understand” –in the context 

of tacit knowing, believing seems to be the key to understanding. 

The challenge of management information systems is that they are like the flyball governor, in 

that the rules of retention and enrichment are “fixed” in the mechanistic approach to 

information and without the direct intervention of a human operator introducing the ‘tacit’ 

aspect of human thinking by rewriting or modifying the rules it can only produce the same 

answer.  It is not going to become anything other than data that is presented as carrying more 

value than it really has.  Data, even where there is lots of it, is still just that: data. 

There is also the issue that developers and data analysts who make the rules about data 

prioritisation and enrichment are not the same people who use the “information” to make 

critical decisions about a business.  This disconnect introduces the risk of the reports and 

representations coming out of the systems, that at best miss the mark and at worst support poor 

decision making.  We go into more depth on this under the Impacts of all this data later on. 

Why has data become big? 

The accumulation of data has become synonymous with the pursuit of knowledge and therefore 

power (Bacon, 1620: 120), more is perceived to be better and facilitates better decisions about 

our customers and strategic direction, etc.  Terabytes, Petabytes, Exabytes, Zettabyte and 

Yottabyte, who can keep track?  These strange terms have just begun to enter our everyday 

business vocabulary, but the hype surrounding them has reached fever pitch, so what is driving 

this demand?  We try and break it down into two distinct areas of focus, firstly looking into the 

underpinning technological advances and secondly exploring where the perceived demand for 

data is coming from. 

Enabling Advances in Technology 

Technology advances across the areas of memory, processing, storage, networking, addressing 

and Internet of Things (IoT) have created the foundations for enabling the generation of data, 

the storage and processing of data and the consumption of data. 

The advent of the commercial production of the dynamic random access memory (DRAM) by 

the newly formed Intel Corporation in 1968 enabled the true democratisation of personal 

computers through companies like Apple, Tandy Radio Shack and Commodore Business 
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Machines in the late 70’s.  This laid the path to hording data.  In the beginning it was not so 

much about the power but the fact that they were so much cheaper than the mainframe 

computers, that individuals, schools and businesses could purchase them (Britannica, 2020). 

Hard drives, whether mechanical or solid state, are the backbone of every PC and Data Centre, 

it allows us to file, store and retrieve data as required.  The unit cost of storage from 1980 to 

2002 per gigabyte has halved every 14 months, from 2005 it started to show a reduction in the 

descent and by 2009 it has flattened out to the point it cost $0.01 per gigabyte and is unlikely 

to reduce.  There is more focus on reliability and speed of execution, but what a journey when 

we consider 1 gigabyte of storage in 1980 cost $700,000 and it now costs 1 cent (Komorowski, 

2009, Klein, 2017).  The big shift has been the revolution of cloud storage solutions which 

means that laptops and PCs now require relatively small hard drives as we utilise azure, google 

or amazon cloud storages.  So, what does this mean?  In relation to data, it means that 

organisations have a very low-cost way of storing lots of data as the “raw” material for analysis 

and processing including AI-based projects. 

The final key has been with Networks and the associated IP6 standard which has allowed the 

unlimited supply of unique IP addresses to the ever-burgeoning number of IoTs which generate 

data and feed back real time telemetry.  Whether it is the Google Nest managing heating and 

lighting, or an Airbus A350 which now has 400,000 points of data generating 1 terabit of data 

per flight, communicated in real time for maintenance and support (Naughton, 2012). 

These combinations of technical capabilities lay the foundations for businesses to utilise the 

data to gain insight or tactical advantage over business competitors or for governments to track 

the outbreak of the next pandemic.  Our appetite for data is now unconstrained with the 

apparent limitless size of our ability to store, processing has some way to go, less about speed 

and more about approach. 

Growing Appetite for Data 

So what is the point of collecting all this data?  There are a number of broad areas that data 

mining and associated analytics can help in customer relationship management: acquisition, 

cross selling and attrition, retail industry: predict seasonal sales, different product type sales 

relationships, optimise logistics and shelf-life management (using radio-frequency 

identification, RFID), manufacturing & production: machinery condition monitoring including 

predictive maintenance, optimisation and product quality.  These are all good things to focus 

on and understand, as they allow value to be extracted from the data. 

As an example, retailers such as Walmart, Tesco and Amazon capture millions of customer 

transactions per hour and all that data is stored in “data lakes” and then they mine for 

information about market trends, consumer buying behaviour and data profiling (Blackwood, 

2020).  Some of this is used directly by the company itself, but they also sell the data to third 

parties including AdTech, such as Facebook and Google.  These social media giants such as 

Facebook with 2.7bn1 users and Google which accounts for over 85% (Johnson, 2021) of all 

internet searches in the US and includes YouTube which has 2.3bn (statista.com, 2021) users.  

Many of us have given these organisations the right to collect and use personal data to inform 

and shape the content presented.  Some claim that data is the new gold or oil rush (Naughton, 

2012).  The darker side of this trade in data, as evidenced by the alleged harvesting of 87 million 

Facebook users personal data by Cambridge Analytics to target advertising during elections 
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here in the UK and US (Criddle, 2020).  The following “public” list is not exhaustive but other 

sources include: Credit Risk Agencies, National ID programmes, Insurance Brokers, European 

Science Programmes such as CERN, produces one million gigabytes (petabyte) per day of data 

(CERN, 2021).  This does not include the large private data stores such as banks and other 

large organisations maintained internally.  For reference 1 petabyte of data would store the 

Library of Congress in Washington 3 times over (Fisher, 2021).  We start to get the picture of 

where all this data is being generated and the drive to collect. 

As a final thought on appetite for data, once the capability is built, whether it is in-house or 

third party, it becomes a large corporate overhead that is draining funding from elsewhere and 

so comes under pressure to “perform” and we justify the expenses by measuring quantities 

including the size of our data pools, the number of data points and the number of data 

transformations, rather than quality of business outcomes facilitated through a meaningful data 

strategy.  The irony is that we end up creating more data and using it to justify our use of data, 

which is not dissimilar to a self-reinforcing loop. 

What is the impact of all this data? 

Solving the wrong problems:  Without a clear strategy around data, including the defined use 

cases for big data & data mining, it has become like the early days of Robotic Process 

Automation (RPA) where there was a large appetite which consumed investment of time and 

money without getting the expected returns.  This was in part because it was being applied to 

the wrong problems and the expectations were set unrealistically high by the Consultants and 

Vendors who have benefited.  There is a real sense that we are repeating the mistakes of the 

past with data. 

Probability of occurrence:  One of the key issues with data is that it is only as good as todays 

“observation” and this is extended and extrapolated to inform the future decisions.  This 

inductive approach has an issue that was articulated by Bertrand Russell (1948: 435) when he 

posed the question around the probability of occurrence based on historical observations.  As 

an example1, let us “consider a turkey that is fed every day.  Every single feeding will firm up 

the bird’s belief that it is the general rule of life to be fed every day by friendly members of the 

human race ‘looking out for its best interests,’ as a politician would say.  On the afternoon of 

the Wednesday before Thanksgiving, something unexpected will happen to the turkey. It will 

incur a revision of belief” (Taleb, 2007: 81).  Another example that most people would relate 

to, would be the market crash in September 2008 where the Dow Jones Industrial Average fell 

778%, the largest single day loss in history (Twin, 2008), the underlying reason being that 

banks had relied on house prices always going up in value, due to the fact that the data had 

being saying that for over 25 years (Economics, 2021), so were lending to people who had 

limited savings and poor credit history.  September 2008 was the global turkey moment where 

the data was found to be lacking any depth of “understanding”. 

Data Overload:  An easy observation is that we are drowning in information, or at least what 

is being presented as information, it has become the new EU butter mountain where it is being 

generated in almost unimaginable quantities.  Several studies have shown that the majority of 

managers suffer from information- or to be more precise, data-overload and as data-overload 

                                                 
1 Adapted from Russell’s (1912) chicken. 
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increases, the amount of information used actually decreases (Ackoff, 1989: 3).  There is a 

point where data-overload starts to act like noise, where the rate is too high for the receiver to 

process efficiently, impoverishing information (Edmunds and Morris, 2000: 19).  To address 

this sensory overload of managers, it could be said that it is more important to have less 

irrelevant data than having more relevant data.  This is critical to free up the attention of 

managers and ultimately contribute to the outcome. 

“Studies have shown that even good scientific writing can be reduced by two-

thirds without loss of content” (Ackoff, 1989: 4) 

It is the human mind that turns what is written down or visually presented into information and 

ultimately knowledge through acting upon the information.  There would seem to be a pace at 

which the mind works, much like what Taylor found when investigating the optimal load a first 

class shoveler could shovel at the Bethlehem Steel Works:  21 pounds (Taylor, 1919: 65).  

There is work to be done to understand the rate at which a person can understand and appraise 

new data as part of their job (Tredinnick and Laybats, 2018: 96). 

Data Transparency & Integrity:  As part of a KPMG survey, 56 percent of CEOs say they are 

concerned about the integrity of the data they are using for decision-making (Fisher, 2017).  

This ties in with Ackoffs view that “most managers do not understand what has been done to 

the data and so have no criteria for determining relevance and the degree of accuracy and 

reliability of information presented” (Ackoff, 1989: 4).  This lack of transparency and trust is 

slowing down decision-making as we create a culture of not having managers who are able to 

go on their “gut instinct”, back to that tacit knowing that we seem to be trying to eradicate 

(Dörfler and Stierand, 2017, Martin and Golsby-Smith, 2017). 

Data Immediacy: If we take a step back for a moment and we assume that what is being 

presented is relevant and trustworthy, then volume is not necessarily the only issue.  Take 

libraries as an example, they have enough information to last a lifetime, and yet a library sorts 

and labels the information and allows the reader to go to the “information” at a time that suits 

them (Tredinnick and Laybats, 2018: 96).  The issue could be the way data is presented, some 

demand immediate attention, such as notifications or emails. 

Disempowered people:  The reality is that we are disempowering the very people we are asking 

to lead and make decisions in the unknown, if we “understand everything” we do not need 

managers, we just need people to follow standardised processes.  We have created a culture of 

over-analysis and when things become hard, they stop relying on their “gut instinct” and run 

back to the data to justify their case and why they should not take the next decision.  Paralysis 

by analysis. 

Illusion of control:  Lots of data and associated “business intelligence” can create the illusion 

of control, the challenge as with a spreadsheet is that we can assume there is a depth of 

understanding of a particular issue, “common sense” goes out of the window, senior managers 

no longer ask the obvious questions.  It is a bit like when driving a car and the passenger 

continually provides guidance on where to go, there is a tendency for the driver to switch-off 

the forward planning part of the brain which “looks ahead” to which route they are taking, so 

the driver becomes reactive rather than proactive in their decision-making.  Being spoonfed 

data creates a similar lack of active engagement with the environment and reduces the level of 

alertness and even motivation for the topic at hand (Hebb, 1955: 250) as we feel artificially 

safe in our sea of data. 
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What has been lost? 

To come back to the original question, we asked in the title, “where is the information we have 

lost in the data?” – we attempt a tentative answer here, based on the above speculation. 

The majority of the literature on data and human thinking is either focused on science in the 

terms of logical positivism, explicit knowledge which is immutably backed up by data or it is 

focused on the knowledge being tacit in nature, where data is not paramount in its creation and 

in general to two paradigms do not meet or overlap. 

“Reaching for knowledge with the right hand is science. Yet to say only that 

much of science is to overlook one of its excitements, for the great hypotheses 

of science are gifts carried in the left hand.”  (Bruner, 1979: 2) 

The current thinking is seen as two separate sides, and little time has been spent building 

bridges between the “two cultures”.  Scientific discovery so often starts out sounding like a 

form of magic.  An example would be the discovery of the Higgs boson or “God Particle”, “an 

invisible something permeating space, interacting with particles to provide their mass, well, it 

all just seemed like heaps of overwrought speculation.“ and yet 48 years later and some £10 bn 

building a large hadron collider, this evidence or “data” for the particle is found (Greene, 2013).  

This clearly evidences that good science can start as speculation, a belief, tacit knowing and 

then it is proven through experimentation to become explicit.  It is as Bruner says, the gift starts 

in the left hand and becomes knowledge in the right hand, we believe first and understanding 

follows.  This is not the only way how science can make its way, data may come first, but it is 

lifeless and valueless until an intuitive insight (Dörfler and Ackermann, 2012) creates meaning, 

making order in the data.  An example would be how Martin Perl intuitively postulated of the 

existence of the Tau lepton, creating a new order in the endless tables of data that dozens of 

quantum physicists were staring at for a long time (Dörfler and Eden, 2019). 

Rational science, as outlined by Simon, ignores the role of the left hand in the process of 

discovery, history is full of discoveries relating to the left hand and very few if any relate to 

the right hand.  Science perhaps needs to establish a new ground where the tacit and explicit 

knowledge are both accepted in a balance, where we stop elevating data to the point we miss 

out on the information or knowledge (cf Bergson, 1911, 1946, Dörfler and Eden, 2019).  

Instead, we use data either as a support or as a source of insights, that truly leads to new 

discoveries about ourselves as well as the world we operate in.  This will be the new world of 

science. 

“The intuitive mind is a sacred gift and the rational mind is a faithful servant. 

We have created a society that honors the servant and has forgotten the gift.” 

(often attributed to but probably never said by Albert Einstein, see e.g. Klein, 

2004: 3) 
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