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Cognitive big data: survey and review on
big data research and its implications.

What is really “new” in big data?

Artur Lugmayr, Bjorn Stockleben, Christoph Scheib and Mathew A. Mailaparampil

Abstract

Purpose — What is really “new” in Big Data? Big data seems to be a hyped-up concept that has
emerged during recent years. But, it requires thorough discussion beyond the common 4V (velocity,
volume, veracity and variety) approach.

Design/methodology/approach — The authors established an expert think tank to discuss the notion of
Big Data, identify new characteristics and re-think what really is new in the idea of Big Data, by analyzing
over 60 literature resources. They identified typical baseline scenarios (traffic, business processes,
retail, health and social media) as a starting point from which they explored the notion of Big Data from
different perspectives.

Findings — They concluded that the idea of Big Data is simply not new and recognized the need to
re-think a new approach toward Big Data. The authors also introduced a five-Trait Framework for
“Cognitive Big Data”, socio-technical system, data space, data richness, knowledge management
(KM)/decision-making and visualization/sensory presentation.

Research limitations/implications — The viewpoint is centered on cognitive processes as KM
process.

Practical implications — Data need to be made available in an understandable form for the right
application context and in the right portion size that it can be turned into knowledge and eventually
wisdom. The authors need to know about data that can be ignored, data that they are not aware of (dark
data) and data that can be fully utilized for analysis (light data). In the foreground is human and machine
understandability.” — In form of Cognitive Big Data.

Social implications — Cognitive Big Data implies a socio-technological knowledge system.
Originality/value — Introduction of cognitive Big Data as concept and framework.

Keywords Cognition, Data analysis, Information management, Knowledge-based systems

Paper type Research paper

1. Introduction

In the public eye, “Big Data” seem to be a rather disruptive innovation, giving birth to a wide
range of new technologies, production processes and perspectives for knowledge
management (KM). At the same time, one might argue as well that the Big Data
phenomenon is a mere incremental innovation which simply massively scales established
methods of data processing. Both opinions can be backed with different examples of Big
Data applications, and a key problem is that the term Big Data has grown beyond
usefulness in professional context. We attempt to contribute to epistemology with
innovative thoughts on typical scenarios for Big Data.

The typical discussion in Big Data research is centered on the 4V model: velocity, volume,
variety and veracity. Velocity and volume are categories of scale and do not allow for a
qualitative distinction of Big Data applications. The same holds more or less true for variety:
The only difference in quality that could be argued is between applications that use a
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variety of data formats and sources and those that do not. Veracity again is a universal
criterion that does not allow distinction, unless we consider the contrast between
applications where veracity can be verified and where it cannot. This consideration already
points out the necessity to shift the discussion from a technological focus to epistemology.
The current discussion seems to be predominantly focused on Vs — problems which have
been prevalent since the existence of computer science. We argue that we need to add this
ultimate goal to the discussion: development of a theoretical framework to gain more
understanding and increasing perceptibility of underlying data. In short, we refer to it as
Cognitive Big Data.

We simply wanted to identify “What is really new in Big Data?’, and it goes beyond current
typical thinking and re-think current viewpoint:

®m re-discussing and partially obsoleting the view of 3Vs (4Vs or 7Vs);

B investigating “data” in Big Data according the level of analysis;

®  Big Data as socio-economic-technical system creating knowledge;

®  visualization, sensory presentation and interaction as key for successful applications;
®  cognitive Big Data as the natural consequence of simply data “conveyer belts”; and
m five traits for the characteristics of a cognitive Big Data framework.

With the introduction of the idea of Cognitive Big Data, being a socio-technical system
capable of creating knowledge and support human understanding of data.

1.1 From a “Data conveyer belt” toward “Cognitive Big Data”

When Henry Ford invented the conveyer belt to mass produce cars and make them
available to consumers at low cost, it led to a new societal revolution. To follow this
metaphor, we believe that the conveyer belt of data processing already exists: we know
how to process data, we know the issues around system scalability and we are able to
apply these across many domains. Logistics, financial transactions, e-Commerce and
digital manufacturing are just a few examples.

Data should be made perceptible, should support the knowledge acquisition process,
create experiences and ease human cognitive load. “Cognitive Big Data” is about the
interdependency of the two most capable data processing systems that exist — the human
mind and computerized data processing systems. It is not solely about scalability: we
introduce the “post-conveyer belt” model of information processing, rather than solely
focusing on increasing throughput (i.e. focusing on scalability). Research on Big Data
should focus more on knowledge and wisdom processing, and how data assists humans
in their cognitive efforts.

1.2 Re-discussing today’s view of Big Data: thinking beyond scalability and Vs

Recent advances in technology, the new digital economy and the digitalization of industries
have inspired countless new methods of scientific research, social interaction, business
intelligence and data analytics. All of these trends together have caused an exponential
increase in generated data and introduced new ways of working with data, forms of
computation and processing speeds (Johnson, 2012), addressing the traditional problem
of scalability. The trend toward increasing amounts of data, new processes for handling
vast amounts of data and related technology has been coined “Big Data” during recent
years. Like the term “Web2.0”, the term “Big Data” tries to summarize several related trends
and increasingly proves unsuitable for the scientific discourse on the phenomena it
comprises. Settling for one accurate definition is an impossible exercise and not only
because of issues related to society and technology (Ward and Barker, 2013).
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Current discussion around Big Data deals mostly with issues of scale: increasing data
throughput, growing amounts of data and streamlining technical systems to facilitate data
processing. The “data conveyer belt” remains a useful metaphor. The faster the belt runs,
the more throughput and the cheaper the data product or service becomes for the
consumer. Even though the amount of data appears to be exploding recently, the problem
of scaling processing and storage capacity has dominated the hardware industry since its
very beginning. Rather recently, cloud computing and virtualization introduced
software-driven solutions to system scalability.

1.3 A new definition of Big Data: cognitive Big Data

Big Data applications are undoubtedly one of the main drivers for these developments; yet,
these solutions tend to narrow our view on the scalability of data processing. In this paper,
we explore the realm of Big Data beyond scalability and suggest a draft model that
characterizes Big Data applications by how they generate insights and influence decision
making. We aim to shift the discussion from the perception of a “conveyer belt of data
processing” — which has existed for decades — toward models that are post-data conveyer
belt and introduce new thoughts on thinking about the current 3/4V focused view. Our view
of data processing is as follows.

1.3.1 Def. cognitive Big Data. Human understandable data are supporting mental
capabilities as socio-technical system, in the right application context, right granularity with
knowledge and wisdom processing in the foreground. Data need to be re-categorized into
data that can be ignored, unaware data (dark data) and data that can be fully utilized in the
analysis process (light data).

2. Method and approach

This paper follows a theoretical approach and seeks to shed light on the qualitative not
quantitative differences between the current Big Data applications. It is based on previous
publications (Lugmayr et al., 2016), as well as on an online resource, which is
accompanying this publication (Lugmayr, 2017), where the complete method leading to
these conclusions is described in detail. We reviewed over 60 seminal publications (which
can be found on the accompanying website[1]), and, based on these, we have selected
five baseline scenarios representing the variety of applications currently subsumed under
the term Big Data. Through a cross-disciplinary examination through focus groups, we
reached the conclusions presented in this article:

m  Base Scenario 1 (BS1) — Real-Time Traffic Data and Decision-Making (Intel, 2013).

®m  Base Scenario 2 (Bs2) — Business Process Management in Logistics and loT Scenarios
(Davenport and Dyché, 2013; Lugmayr, 2010; Lugmayr et al., 2012).

m  Base Scenario 3 (BS3) — Consumer Satisfaction Data for Healthcare Services
(Davenport and Dyché, 2013).

m  Base Scenario 4 (BS4) — Big Data as Cross-Domain Analysis in Retail or for Epidemic
Prediction (Mayer-Schonberger and Cukier, 2013; Dugas et al., 2012; Ginsberg et al.,
2009).

m  Base Scenario 5 (BS5) — Social Media Data and Online Social Network Analysis.

3. Re-thinking “Data” in “Big data”: dark data, gray data, light data and data
spots

First, we need to investigate the idea of “data” as such and where data is coming from. In
statistical analysis, it is typical to create samples and various methods have been
developed to mitigate the issue of bias in the selected samples. In Big Data research, data
collection is not only restricted to samples but also the idea is to collect as much potentially
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related data as possible, in many forms and types. This raises questions about the
representability of the data collected in relation to its application context, as well as
awareness of data that is available for investigation, and which data might be missing
without us even knowing.

Complete observation of a system is usually only possible with a narrow research question
that can be answered relying on internal data such as complete sales records covering all
customers of a company. In the case of complete observation, we can assume bias-free
data. For the scope of this article, we would like to define data completeness from a
systems theoretical viewpoint:

We consider a dataset complete if it represents the whole state of a defined system in such a
way that the system’s behavior could be reproduced if the data was applied to an identical
system in a different state.

Using this definition, we conclude that data completeness is prone to error because of
human judgment during the process of defining a system model, its parameters and its
limitations for a particular application context. Thus, data completeness is a matter of
system definition and defining its borders, which is not possible in many practical
application cases. A prime example is social media, where only the respective companies
have access to the full data sets and decide how much data is exposed to the public for
free or with paid access. Twitter offers different plans to access 1, 10 or 100 per cent of user
data, respectively (Gonzéalez-Bailén et al., 2012), with no certainty about how the data are
selected from the main unit.

The model depicted in Figure 1 assumes that the relation between main unit and samples
may be obscure in Big Data scenarios. It distinguishes between four types of data:

1. Light data are the data that are available; it is ready to be accessed and used at any
time.

2. Data spots are subsets of the light data that are considered in the analysis. As
described within the scope of this article, an important challenge in Big Data is
deciding which part of the data to look at.

3. Gray data are data that are not available to us but that we can make qualified
assumptions about and that we know is part of the system we are analyzing.

4. Dark data are unknown data that we cannot qualify or quantify in any way. They are the
data which we do not know that we do not know about.

We further postulate the following characteristics:
m  presence of dark data increases uncertainty of a system model;
®m  presence of gray data decreases the accuracy of a system model; and

®m  selection of data spots out of the light data increases the discovery of small patterns
and weak signals

Figure 1 Data spaces in Big Data

system data space
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It should also be noted that the discrimination between a complete and an incomplete
observation is far from trivial and depends on the question that must be answered and the
goal of the analysis. Google Flu Trends, for example, relies on flu-related search queries
without cross-referencing other data to identify flu trends. Yet, the definition of what is or is
not a flu-related query is difficult. This also should not be confused with full coverage of all
people searching for flu-related medical advice, as the web alone has countless further
sources, and there are numerous additional sources of information beyond the web.

Figure 2 shows an abstract description of the data spaces of the five baseline scenarios
mentioned earlier. Below follows as detailed discussion of the implication of these very
different data space configurations.

3.1 The available data set is complete and fully considered in analysis (BS1 and BS2)

In BS1 (Traffic), the data space is filled with light data, which is fully considered. All data
that are necessary to measure and influence the traffic control system of an entire city are
available and considered. Once the system is up and running, it makes autonomous
decisions on traffic control and optimization. Completeness in this sense does not mean
that all possible traffic-related data have been taken into consideration. For example, BS1
does not mention access to navigation information from individual cars, which would
greatly enhance the predictive quality of the traffic model. What makes this system
complete is the fact that from the different kind of entities that were included in the system,
for example, all the city’s traffic lights, all instances are covered, not just a subset of them.
Additionally, it is important that the system can fulfil its purpose by considering the chosen
entities. To illustrate this, imagine that only traffic lights would be controlled but not
automated signaling of traffic deviations. The latter would add gray data to the system and
would vastly decrease the system'’s capability to route traffic dynamically.

BS2 (business processes) considers business processes which are human-designed and
as such usually constitute a closed system. Thus, the related business entity can have full
access to all business process related data, meaning the system data space is filled with
light data only.

3.2 The available data set is incomplete (BS3)

BS3 (consumer satisfaction) is an example of a Big Data application working on an
incomplete body of data. The extraction of emotional cues forms only one of many sources

Figure 2 Data space descriptions of baseline scenarios

BS1 Traffic & BS2 il Pr BS3 C isf:

light data = data spot gray data
light data = data spot

BS4 Cross Domain Retail BS5 Social Network Analysis
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light data light data
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for customer satisfaction, in one unique situation of customer contact (i.e. via the call
center). Even if the reliability in BS3 of detection is high, it does not capture the customers’
long-term satisfaction, and it certainly does not capture the customers who do not call at all.
Still, in this case, the degree of incompleteness of the data can be assessed, i.e. the
characteristics of the unknown data can be estimated. The data space is thus filled with
light data, which is fully considered, and gray data that represents the data missing from
a holistic customer satisfaction model. It can be argued that such a model is too complex
to be qualified in its entirety and thus likely involves a lot of dark data, but this is a matter
of goal definition and the question of whether the system definition is sufficient to reach
these goals.

3.3 Unawareness of possible data (BS4)

BS4 (cross domain retail) also shows a Big Data scenario working on incomplete data, but
it differs from BS3 in that the incompleteness cannot be described, resulting in dark data.
While BS3 describes a well-defined system with estimable unknowns, BS4 cross-relates
different specific data sources without a complete causal model in the background. Just as
Google searches for flu symptoms are not the only indicator for detecting a flu epidemic,
Wal-Mart sales are not exclusively driven by weather phenomena. Different data spots are
correlated to gain viable insights. However, the data sources in this case have not been
selected according to a pre-defined system and causal model but because of the mere fact
that they correlated sufficiently in the past. A causal model may be inducted in hindsight
but does not affect the usefulness of the application.

3.4 Awareness of data which is/is possibly missing (BS5)

BS5 (social network analysis) is a very generic scenario, which may comprise multiple data
space configurations. However, this is the only one of the baseline scenarios that includes
aspects where automated decisions are made on incomplete data in the presence of dark
data. In the area of content recommendation, this is the rule not the exception. No social
media platform can cover an individual as a whole partly because of the reason that
“personality” is an incredibly complex concept, partially because people act differently in
different social contexts. Curating myriads of individual social media feeds and targeted
advertisements is a task that cannot be done manually and requires an automated
approach using an incomplete data set. The risk in this case is that users become locked
into a model that the platform generated for them, and they get stuck in a recursive loop of
suggestions — in a “filter bubble” as Pariser (2011) puts it.

4. Two distinct “Mental models” in cognitive Big Data

Many expectations and promises about the changes Big Data will bring to businesses and
private lives have been discussed in scientific research (Brynjolfsson et al., 2011). But is
Big Data indeed a paradigm shift that we are observing or simply a notion enriching
well-known existing methods such as machine learning or statistics? In this section, we
provide a theoretical and epistemological perspective to examine the disruptiveness of Big
Data and develop several criteria for the categorization of its applications (Figure 3).

4.1 Gaining a deeper understanding of underlying data beyond the Vs

To start the discussion, Floridi (2012) argued that the real epistemological challenge of Big
Data is finding small patterns in data sources. In his eyes, scaling data processing systems
just leads to even more data and does not solve the challenge of Big Data processing but
rather, amplifies it, which is also the case in BS 4 (epidemic prediction). The likelihood of
finding patterns and connections between data increases with the volume of available data,
but the amount of data that is actually considered in the analysis does not necessarily
increase the possibility of identifying patterns in data sets. In fact, patterns can be identified
both in data subsets or large datasets (Floridi, 2012). To identify more advanced patterns
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Figure 3 Cognitive Big Data as dual model
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that can be turned into knowledge through analysis and interpretation, it is important to
identify and decide which parts of the data are relevant and which can be neglected
(Bollier and Firestone, 2010).

4.2 Two distinct “Mind models” — machine correlation vs human causation

Anderson (2008) addresses the primacy of correlation over causation straightforwardly as
“the end of theory”, as in Big Data it is possible to test hypotheses “in the wild” and derive
future events from past patterns, without the need of a causal theory explaining why they
should happen. Yet, Patrick W. Gross, Chairman of the Lovell Group, counters this view,
saying that “in practice, the theory and the data reinforce each other” (Bollier and Firestone,
2010). The high probability of spurious correlations is frequently mentioned as an
epistemological problem of Big Data.

Yet, how do we decide whether a correlation is spurious? Simon (1954), in “Spurious
Correlations”, explains that we need to rely on two types of deductive assumptions: logical
assumptions, such as that preceding events cannot be caused by later events, and the
assumption that other environmental variables do not interfere with the correlation to be
tested. Simon argues that these assumptions are a priori, as they are not founded in
statistics but are otherwise empirical and certainly not arbitrary. Nevertheless, we cannot
judge the causality of a correlation without relying on prior empirical experiences, which
limits us in both analysis and decision-making.

In Big Data, it might make sense to differentiate correlations not into spurious and genuine
types by proof of causality but rather based on their viability for a certain purpose, using the
term “viability” as defined by (Glasersfeld, 1998). Thus, we would discriminate solely
between viable and non-viable correlations. The downside of these terms is that there is no
absolute truth-value to them. Whether a correlation is viable can only be decided in the
context of a specific purpose. Such a context may be the desire to fit the observation made
into a larger model or a goal to be reached.

4.3 Dual cognitive Big Data model

The notion of Cognitive Big Data implies a dual model: on one side, it shall support humans
in gaining understanding of data and the links between the different data spots, and, on the
other side, it also involves a shift towards learning machines and IT systems that are able
to learn, understand and sense human intentions. These machines will eventually be
capable of understanding the cognitive processes of humans and using this to turn data
into perceptible assets.
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Some of these ideas go back to the idea of cognitive computer science, where human
cognition is simulated through intelligent algorithms to assist humans. Thus, all issues that
we discuss currently regarding Big Data will shift toward issues of “understand[ing] nature
and improv[ing] the human condition, [and] oceans of structured and unstructured data
[lays only] the groundwork” (Kelly, 2015). Information system research needs to consider
these trends and support the knowledge creation process inside companies through
emerging possibilities, in particular adding machine intelligence and machine-supportive
systems. Additional focus needs to be on visual data analytics and visualization to ease the
human cognitive load of understanding data.

We see the human and machine as two corresponding entities. Both are building models
of observed phenomena:

1. Correlation model (machines). Machines primarily seek to make sense of the world
through applying algorithms to the data space and enriching the data space through
digitalization of the environment through computational models, without the sole goal of
creating causal explanations.

2. Causal model (humans). Humans primarily seek to make sense of the world through
turning observations into assets of the experience space in their minds. In principle,
observations are validated, filtered, and matched with past experiences through a
causal model.

We would strongly recommend other works as (Pinker, 1999; Piaget, 1978; Lugmayr, 2012;
Luhmann and Baecker, 2002) to understand the human mind. We would also like to state
that machines are capable of computing causal models, for example, Bayesian networks
and would like to refer to literature such as (Pearl, 2000) for the interested reader. In this
article, we assume that humans primarily seek to build causal models, whereas machines
apply computational methods without an inherent “desire” for causal explanations with
currently available technologies.

5. A socio-technical knowledge system

We assume that humans always seek to build causal models that are validated against the
experience of the respective human being, as shown by Heider and Simmel (1944). In
practice, we need to consider social processes, where humans interact and communicate
their experiences through communication, as a socio-knowledge system to create a
common causal model. For the sake of simplicity, we consider this socio-knowledge
system as one entity within our framework. By involving machines, these systems extend
towards socio-technical knowledge systems (Figure 4).

The machine enriches its data space by building correlation models rooted in the data
space. Unlike humans, machines do not have an inherent desire for causal explanations.

Figure 4 Cognitive Big Data between human and machine understanding
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They can work with very complex computational models, utilizing mathematic models of
causality to refine the data space iteratively. Data itself are “dead matter” which does not
provide any inherent grounded truth to verify or gain insights through causal relations. The
creation of causal relations, sense-making and validation with current technology is an
exclusively human principle. Another important difference is that a correlation model is the
result of induction from the data, whereas the human causal model is a result of deduction
from existing explicit and implicit models already prevailing in the experience space.
Eventually the future shows different pathways, and visions become reality as claimed by
Kurzweil (2006).

A draft framework for Cognitive Big Data is depicted in Figure 4. As human and machine
interact, there is continuous translation between the correlation model and the causal
model working as a cybernetic system. From the perspective of human beings, data
visualization provides the essential stimuli to which the human may react. These reactions
reconfigure the machine’s causal “mental model” through codification, in the form of rules
or programs and a section of data. The higher the degree of machine intelligence, the
closer the way both models operate shifts together. The results of this interaction decrease
the required cognitive load and make data more accessible for users other than trained
data analysts.

In each communication cycle, the models lose their context and are translated in the
respective other form. By creating sensory representations (e.g. visualizations), the
correlation model is removed from the data it is based on. Just a fraction of the original data
is presented. Often, these data are presented in the form of summaries and inferred
higher-level concepts. When humans perceive visualizations, they are turned into
memories of the human’s experience spaces, and the abstracted patterns are validated
against a network of memories and experiences, which we call a causal model.

If both models do not match, either one must be adapted or the data space has to be
reconfigured. In the latter case, the causal model is stripped from its human experience context
and translated into a correlation model through codification. An equilibrium is reached when the
causal (or correlational) model equals its own translated and retranslated iterations; and when
the transformation of one model to the other through codification or sensory representation no
longer alters any part of either model. More simply, the socio-technological knowledge space
is balanced, and new application-specific knowledge is created. Even more simply, the human
experience space and the machine data space are synchronized, and contain knowledge in
a human- and machine-useable form.

6. Visualization, sensory presentation and meaning as key challenge

Referring to the system data space model (Figure 1), rendering sensory representations of
both light data and data spots appears as a straightforward exercise in data visualization.
Data dashboards show all the data that is available to the analyst. However, they do not
show what is not available or not known, creating a false impression of completeness. To
preserve information about the limits of a system model, we should include information on
what we do not know, the dark and gray areas of the system data space. This calls for new
forms of visualization or other sensory representations, possibly introducing a new kind of
“modest” dashboards that convey information about its own limits and applicability.

Considering the arguments above, the research focus needs to shift towards a more
cognitive and perceptive approach, where the emphasis is on cognition, perception, and
data understanding to create knowledge and eventually wisdom; in the “machine’s mind”
as well as in the “human mind”. This implies reconsidering the current simplified model of
Big Data, towards a focus on the question of how human cognition, and the process of
acquiring new knowledge and understanding principles, can be supported; it also requires
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re-thinking how computers can apply artificial intelligence and other methods to increase
the understanding of their environment.

Thus, the job of a business analyst or a data analyst inside a corporation will need to be
re-centered to become the role of a “perception data designer” who understands ways to
make humans understand principles, knowledge, and wisdom that emerges from manifold
corporate data sources. Data visualization is a current buzzword that many people relate
with charts, histograms, arc diagrams, or colorful social network graphs. But we are talking
about quite more far reaching ideas — more conceptual representation through internet of
Things or smart media, increasing perception and going far beyond simple visualizations
through computer graphics.

It is not only about the passive act of displaying information. We must consider the
complete process of making Big Data perceptible, including human cognition,
communication and the actions humans undertake to gain more understanding of
knowledge and wisdom from Big Data. This process is visualized in Figure 5 based on the
original diagram from (Spence, 2001), where information visualization is discussed. It is
about transforming a computer-generated correlation model into a causation model that
can be understood by humans. How humans are able to interact with the various models,
to gain more insights, is also an issue. The process of making Big Data perceptible and
understandable requires computers that can codify and interpret data, which is currently a
major issue in the domain of Cognitive Computation. Linking data, and the visualization of
correlations between data spots, allows more insights and makes data perceptible and
cognitive, as currently conducted in social network analysis.

7. Consequences of cognitive Big Data in knowledge management

In terms of KM, the primary question is whether the insights we gain from data analysis
converge into a consistent mental model or not. Further, what implications does it have on
decision-making if they do not? A mental model requires a human understanding of causal
relationships. These relationships have to be plausible to the person creating the mental
model, i.e. they have to be consistent with the person’s prior knowledge. This is the reason
why mental models tend to be stable: they act as a filter for the interpretation of data.

7.1 5 trait model for characterization of cognitive Big Data rather than Vs

Cognitive Big Data postulates Big Data analysis as a cybernetic system involving both
human and machine as illustrated in Figure 6. Both rely on a distinct body of knowledge:
machines rely on a vast data space, while humans rely on a highly abstract “experience
space”. At the point of equilibrium, the system creates congruent knowledge shared

Figure 5 Data visualization and perception process
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Figure 6 Cognitive Big Data: five traits model
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between machine and human, i.e. knowledge that is biunique between both entities. At its
best, the system is at this point of equilibrium, and the human understanding is congruent
with the machine’s understanding; this kind of biunique knowledge leads to a system in
which both machine and human can understand and judge decisions made by the other,
avoiding disconnects where humans or machines lose control. One example is the
microeconomic procrastination systems used by Amazon, Google, or Airbnb to analyze
consumers’ buying behavior — these systems judge, and then predict, consumer behavior.

7.2 Focus on human understandable correlation models

The classic model of knowledge levels may soon become obsolete. Humans have the
desire to understand how things work, and only accept a correlation if they can find a
plausible explanation (e.g. visualizing epidemics in BS4). This means they are more likely
to ignore a correlation they cannot explain. Algorithms do not feel this desire, as they do not
care if a correlation is spurious in human eyes or not. They simply decide based on viability.
If a rule inducted from an identified correlation leads to a successful result, the rule will be
considered viable. In a way, this is a very pure ontological viewpoint, considering just the
facts and ignoring any attempt to explain them. This allows very fast evolution of models
about the world (or a part of it that a particular Big Data application considers). These
models will always remain less complex than the real world, and lag behind reality. Big Data
systems can only measure what has already happened, and the future role of humans in the
techno-social ecosystem of Big Data remains open to further research.
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In addition, let us consider the creation of more resilient automation through more resilient
algorithms. Algorithms may show unpredictable behavior when based on dynamic,
incomplete data. They may have tipping points (Gladwell, 2006), at which their behavior
changes disruptively. While the focus so far has been on creating algorithms for data
analysis, we may need to create algorithms that analyze such algorithms, e.g. self-learning
algorithms evolving based on induced rules, or on a societal level, an open algorithm
movement, similar to the open data movement that is currently taking place.

7.3 The impact of cognitive Big Data on knowledge management and computerized vs
human decision-making

While Big Data technologies have vastly increased our means of processing vast amounts
of data, the capacities of human cognition do not increase (e.g. in BS 1 drivers make the
final decisions). In Big Data, automation through algorithms helps us to decide how to focus
our attention, i.e. to decide what to look at, implicitly ignoring anything else. What we as
users see is always a representation of aggregated data on a distinct abstraction level. This
level can be anything, from statistical figures describing the dataset as a whole, to a single
data unit. Yet we can only focus our attention on the whole dataset on a high abstraction
level, or on very few single data units on a concrete level. Therefore, the algorithms used,
and their configuration, restrict what we may or may not see in a dataset. For example,
preset thresholds determine what will surface as a pattern, and what will not. Correlations
too weak for the threshold will not come to our attention, even though they might carry
valuable hints for certain applications. The algorithm can only identify patterns, but cannot
recognize their potential meaning for applications. The higher the velocity of a Big Data
application, the more it has to rely on algorithms, first for deciding which to data to observe
and second for deciding how to react to its observations. BS 1 (real-time traffic data and
decision-making) and the emergence of smart self-driving cars and the ethics dilemma
how to react in traffic accidents.

7.4 Big data applications as knowledge creation ecosystem enriching humanities
knowledge

Scenarios as BS 3 (consumer satisfaction for healthcare) or BS4 (epidemic prediction)
require data about humanities. Big Data are a cultural, scholarly and technological
phenomenon creating knowledge ecosystems, and influencing how we think about
knowledge itself (Boyd and Crawford, 2012). The research field of Digital Humanities, for
example, investigates human knowledge and cultural aspects in humanities (Lugmayr and
Teras, 2015). Privacy, and the digital footprint we leave behind every single day (Michael
and Miller, 2013). All the positive aspects of personalization, for example, through smart
chat agents as Microsoft’'s Cortana, and workforce productivity monitoring, might end up
becoming “big brother”. Issues such as data ownership and selling data (Boyd and
Crawford, 2012) are impacting our social lives.

7.5 New cognitive technologies as enabler for cognitive Big Data

Each of the BSs have an underlying new technological enabler (i.e. BS 5 social media, a
new media form). Big Data research is currently peaking on its plateau of expectations,
when illustrated on a hype cycle. Many new technologies will need to emerge before
promises will be able to be kept. A new way of thinking is required, so that Big Data does
not become a disappointment, and will shift towards a stable position on its plateau of
productivity. Models and frameworks like ours will ensure that Big Data will shift towards
maturity. Big Data will support decision making in business intelligence systems across
business areas and provide a competitive advantage.
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7.6 “Algorithmic regulation” for enabling humans to keep with the pace of computational
power

In the finance industry, automated trading algorithms are today’s stockbrokers. This
illustrates the complexity of automatic and algorithmic data processing. As suggested by
Tim O'Reilly, who predicts the dawn of “algorithmic regulation”, it may be necessary to
introduce regulations that limit calculations in real-time. In financial industries, this trend is
already taking place — we argue that it is only a matter of time until real-time processing in
business applications is also regulated. (Steinbrune, 2002, The Cybernetic Theory of
Decision: New Dimensions of Political Analysis) argues that rational assumptions in politics
lead to random, context-less and systematic decisions, where a non-rational way of
problem solving would be for the good of the population.

8. Conclusion

Cognitive Big Data enables competitive advantages and leads to innovative new business
areas. It is obvious that any new innovation will lead to new business activities focusing on
collecting and interpreting complex information from internal and external sources and will
enable many new business niches for newcomers (Johnson, 2012). Figure 7 depicts the
key-ideas of this article.

Therefore we contributed with a new way of thinking about Big Data within the scope of this
article. We proposed a new classification scheme in form of a five traits model, and
discussed a new way to classify Big Data scenarios dependent on the composition of their
data spaces. We suggested Cognitive Big Data as an iterative communication process
between man and machine, and the resulting mental models. This model also means to
inspire more research in the domain of data visualization and data capture from both,

Figure 7 Cognitive Big Data framework
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cognitive sciences and user experience angles. Thus, shared knowledge between humans
and machines can only emerge at the inter-section of their very distinct approaches to
capture and understand the world.

Note

1. Additional material: www.artur-lugmayr.com
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