iS
CHANNEL
Big Data and Its Implications
An Overview of Managerial Implications from Technical-Rational and
Socially Embedded Perspectives
Maximilian Mende

MSc Management, Information Systems and Digital Innovation (2014/15)
Department of Management
London School of Economics and Political Science

KEYWORDS

ABSTRACT

Big Data
Bounded Rationality
Managerial Rationality
Social Embeddedness

Big Data has been shown to have strong influence on decision making
processes, and organizational setups across all kinds of organizations. This
critical literature review draws on peer-reviewed literature to identify scholars’
perspectives on different implications, and questions the assumption that
today’s data offers the basis for completely rational decision making. Therefore
process-inherent boundaries like irrational human interaction and data quality
issues are identified. Apart from the technical-rational dimension, Big Data has
an impact on the social environment. This includes questions about the ethical
legitimacy of data accumulation and usage. The literature review concludes
that there is further shaping of organizations necessary, in order to leverage the
potential Big Data offers. Lastly it addresses a number of research questions,
which bear the potential to further develop this field of study.

Introduction
During the 2002 Major League Baseball (MLB) season,
the until then mediocre team of Oakland Athletics
surprisingly won the national championship despite
a below average budget. The secret to their success
was the deviation from the traditional experiencebased decisions in the transfer market, to an approach
based on rigorous statistical analysis. Their success
proved them right, so that today this methodology is
referred to as sabermetrics. This is the combination of
SABR, which is the acronym for the Society of American
Baseball Research and metrics, which highlights the
analytical component. Michael Lewis was following
the team during its 2002 season and packaged the
insights into his best-selling novel Moneyball (Lewis
2004).
This is only one very prominent example of Big
Data significantly impacting management decision
making. This paper aims to provide an overview
of different perspectives on managerial rationality,
and outline interesting avenues for future research
in this regard. The term managerial rationality
refers in this context to the underlying drivers that
define the decision making process as well as the
setup of an organization. Working definitions for
technical-rationality, bounded-rationality and social
embeddedness will be given throughout the paper.

The literature review is structured as follows.
Section one provides an overview about different
perspectives on beneficial implications of Big Data
on managerial rationality from a formal technicalrational perspective. In the following section, inherent
boundaries to the rational implications as proposed
by the literature are highlighted. Section three looks
at the detrimental implications from a socially
embedded perspective. Finally, future research
questions are addressed, which have the potential to
advance the scientific insights in this field.
Although the impact of Big Data is significantly
broader than is examined in this critical literature
review, in order to give a detailed insight, it will
focus only on managerial rationality. Further
research should discuss also the implications from an
engineering- and economic-rationality point of view.
Implications of Big Data on Managerial Rationality
from a Formal Technical-Rational Perspective
Formal technical-rationality refers to the perspective
that corporate behavior is completely rational. It is
derived from ‘best practice’, which can be proven with
mathematical evidence. For example, in a rational
company every investment decision is justified by
sound mathematical models and is linked into the
general business strategy.
Implications for Decision Making
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Multiple authors who adopt this view implicitly
assume that Big Data heavily influences the process
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of decision making. It is assumed to shift from what
McAfee et al. call a hippo approach – highest paid
person’s opinion (McAffee et al. 2012) – towards
one based largely on algorithms and mathematical
patterns. These algorithms are used to predict the
future and thus to define business strategy (LaValle
et al. 2011; Andrejevic 2014). Chen, Andrejevic and
LaValle build on this view stating that this shift is
applicable in any context independent of function or
industry (Chen, Chiang & Storey 2012; Andrejevic
2014; LaValle et al. 2011).
Anderson and Rosenzweig even extend this point
to a more absolute level. In their opinion, the
statistical examination of Big Data is superior to,
and should replace, any other legacy decision
making tool (Anderson 2008; Rosenzweig 2014).
They point out that a decision making process based
on Big Data is superior to traditional methods, as
it prevents inherent human biases (Rosenzweig
2014). The argument of flaws emerging from human
interaction in heuristics is supported by Goldstein
and Gigerenzer: the authors state that at some point
problems and solutions consist of too many variables
to be grasped by human cognitive abilities, leading
to mistaken decisions (Goldstein & Gigerenzer 2009).
The prevalent assumption behind the above outlined
views is that underlying data sets are neither flawed
nor biased. This is justified by Mayer-Schönberger
and Cukier, as well as Booch’s view that the mass
of data can eliminate any flaws in its subsets,
hence bringing us closer to objective truth (MayerSchönberger & Cukier 2013; Booch 2014). However
the essay will further examine potential boundaries
to this assumption at a later point.
Big Data supports decision making
- In the future algorithms will be
La Valle et al. (2011)
used, to help define business
strategy
Andrejevic et al.
(2014)
- This shift is applicable
independent of function or
Chen et al. (2012)
industry
Big Data should replace legacy ways of decision making
- Decisions based on Big Data
Rosenzweig (2014)
are superior to and should
consequently replace traditional
Anderson (2008)
decision making techniques
Goldsetein &
Gigerenzer (2009)

-

Limited human cognitive
abilities promote use of Big Data

Big Data provides flawless insights
Mayer-Schönberger &
- Combining data sets and
Cukier, 2013
leveraging the bulk of data can
eliminate flaws in subsets
Booch, 2014
Table 1. Classification of Scholars - Decision Making Benefits of
Big Data

Implications for Organizational Design
In general, managerial rationality is not limited
to decision making processes; furthermore it also
takes into account effective organizing in order to
4

achieve improved organizational performance. This
includes, but is not limited to, setting rules and
norms, obligations and roles, as well as hierarchical
structures in an organization. LaValle et al. (2011)
identified the impact of Big Data on this specific part
of managerial rationality. They claim that insights
gathered from internal data on process efficiency
can be applied to streamline the internal flows of
an organization. This is supported by McAffee et
al.’s empirical research showing that companies
applying Big Data are performing better in regard to
productivity and profitability (McAffee et al. 2012).
Pentland’s case study shows the effect of Big Data
in action. He outlines an analysis of the timing of
coffee breaks and its subsequent optimization, which
led to significant efficiency increases for a call center
operator (Pentland 2013).
McAfee et al. and LaValle et al. examine the
organizational implications in more detail (McAffee
et al. 2012; LaValle et al. 2011). They highlight the need
to set up suitable organizational structures and build
strong analytical capabilities within the workforce, in
order to support the data driven organization. This
can be considered a technology deterministic point
of view, where the social and organizational context
follows technical advances.
Linked to those organizational changes McAfee et al.
and the Journal of Strategic Direction see an additional
implication, stating that not only will the processes
and organization change, but also the distribution of
power in the executive boards will shift towards the
positions responsible for holding and analyzing data
(McAffee et al. 2012; Strategic Direction 2012).
Pentland takes an even more radical view on Big
Data’s implications, and expands the technology
deterministic view that Big Data will not only shape
organizational processes, but it will go beyond and
shape entire organizations, cities and governments,
predicting that those will be significantly more
efficient in the aftermath (Pentland 2013). This view
seeing the impact of Big Data beyond the organization
is shared by Brown et al., who assume that analytics
will determine how companies and also nations
compete and prosper (Brown, Chui & Manyika 2011).
The implications of Big Data on managerial rationality
offered are twofold: first it will drive executives
into a more rational decision making through
mathematically supported insights and guidelines.
The most absolute position in this context is taken by
Rosenzweig, proposing that organizations should rely
on decisions based solely on Big Data, as this would
eliminate any human bias (Rosenzweig 2014). The
second implication offered is that process redesign
and organizational reorganization based on insights
gained from Big Data will significantly increase
efficiency and productivity in an organization. The
more absolute perspective in this case is led by McAfee
and Pentland, who claim that Big Data will not only
affect organizations, but is basically applicable in
any context to improve efficiency and shift power
distributions (McAffee et al. 2012; Pentland 2013).
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Big Data helps build stronger organizations
- Analysis help restructure
La Valle et al. (2011)
organizations
McAffee et al. (2012)

Pentland (2013)

Brown et al. (2013)

-

Empirical studies show Big Data
increases performance

-

Case study where Big Data
improved performance
Big Data will not only improve
corporate performance, but
shape companies, cities and
countries’ competitive positions

-

-

Big Data goes beyond the
organization and will define how
corporations and nations prosper

Big Data requires new organizations and capabilities
McAffee et al. (2012)
La Valle et al. (2011)

-

To leverage the full potential
of Big Data, companies need to
build new analytics capabilities
and reshape their organization

Table 2. Classification of Scholars - Organizational Benefits of Big
Data

Inherent Boundaries to Implications of Big Data on
Managerial Rationality
The previous section outlined the implications of
Big Data on an organization under the assumption
that actors behave completely rationally. Still
this view might not be universally applicable, as
multiple scholars highlight constraints to managerial
rationality based on Big Data. The views through this
lens can be classified as bounded rationality, which
depicts limited cognitive abilities of people and
limited capabilities of technology.
Generally the identified boundaries can be grouped
into two broad categories: the first is based on
misapplication of tools or human error, whereas the
second is emerging from the constraints inside the
underlying data sets.
Boundary from Misapplication
In regard to misapplication of data, scholars identified
two common patterns: first Bollier and Fioramonti
independently from one another argue that any data
is exposed to assumptions and human filtering. In
their opinion, this is a necessary phenomenon, as
the amounts of structured and unstructured data
are just too vast to be fully analyzed. Hence human
filtering is required to reduce complexity and make
data usable in the context of Big Data (Bollier 2010;
Fioramonti 2014).
The second limitation is identified by Boyd and
Crawford, as well as Leinweber. Those scholars
highlight the phenomenon of apophenia in the
analysis of data (Boyd & Crawford 2012; Leinweber
2007). Apophenia refers to the idea that statistically
significant patterns in data are identified, that are only
coincidental. Leinweber (2007) refers in this case to
the example of a statistically significant relationship
between the development of the S&P500 index in the
USA and butter production in Bangladesh, which is

to our current knowledge not directly interlinked.
Considering the above boundaries of human filtering
and over-interpretation, further research will be
required in order to validate the degree to which
Andrejevic (2014) and LaValle et al.’s (2011) claim
that patterns identified in Big Data shape strategies
and decision making is true. In addition the view of
Rosenzweig (2014) that Big Data is eliminating human
bias needs reconsideration, taking into account that
human bias could affect the data already before its
automated analysis.
Boundary from Data Quality
The second set of boundaries emerges from issues
in the quality of underlying data sets. Boyd and
Crawford (2012) state that often sources underlying
the decision making process are flawed and do
not provide statistically significant data sets. They
provide the example of data gathered from social
media sites. The authors claim, that this kind of data
cannot be statistically accurate to the degree implied
by technical-rational scholars, as for example social
media is assumed not to be used by a statistically
significant sample of people. This view is amplified
by Wigan and Clarke (2013), who take into account
the process of building data sets where different
data from various sources and with different original
purposes is combined. The authors claim that
often data sets seem complementary, even though
they are really not and by combination provide
erroneous results. In addition, they highlight that the
combination of different quality data sets reduces the
overall quality to the level of the set with the lowest
quality. This is a strong contrast to the objective truth
implied by Mayer-Schöneberger & Cukier and Booch,
who justified the rationality behind decisions based
on Big Data with the elimination of data quality
issues through the accumulation and combination
of multiple data sets (Mayer-Schönberger & Cukier
2013; Booch 2014).
According to Wigan and Clarke (2013), one method
to prevent wrong decisions based on error prone data
is to verify the results through additional validation.
However at the same time taking an economic
perspective, the authors state that due to cost and time
lags incurred by advanced validation those steps are
most of the time not taken by organizations. This in
turn leads in the worst case to wrong decisions based
on low quality data. Still this solution requires further
elaboration, as even the best additional analysis
cannot be unbiased, when based on flawed data.
Taking the managerial rationality perspective again,
Wigan and Clarke (2013) claim that although wrong,
those decisions are most of the time authorative, due
to the setup in organizations. This point is supported
by Rosenzweig, who identified that the growing
popularity of sophisticated statistical approaches
promotes a mentality of blind-trust into numbers,
rather than one that promotes critical thinking and a
mentality of questioning their validity (Rosenzweig
2014). On the other hand Redman (2013) claims that
this mentality of relying on decisions supported only
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by data is often not sustainable. He observed that once
a significant decision is taken wrong, managers tend
to completely abolish their positive feeling towards
data based decisions and return to processes based
radically on gut feeling and experience. This issue
implies that with a growing influence of Big Data
corporate mentality needs to be redefined (Redman
2013).
Drawing on the organizational setup, Redman (2013)
and the Strategic Direction Journal (2013) identify an
additional boundary to the rational implications of
Big Data. They state that already today knowledge
workers tend to work 50% of their time correcting
errors and trying to validate given data sets. According
to a survey based study of the Strategic Direction
Journal (2013) most internal IT functions today are
unable to cope with the vast amounts of data. This
view however does not contrast the implications
seen by the technical-rational scholars, furthermore
it supports their perspective that one implication of
Big Data will be the reshaping of the organizational
setup. In addition it supports the point made earlier,
that organizations today do not possess the necessary
capabilities to make sense of the benefits Big Data
could offer (McAfee et al. 2012; Pentland 2013).

Misapplication compromises influence of Big Data
Bollier (2010)

-

Any data is subject to
assumptions and filtering, in
order to reduce complexity – this
creates space for human bias

-

Risk of apophenia is deeply
embedded in Big Data

Fioramonti (2014)
Boyd & Crawford
(2012)
Leinweber (2007)

Data Quality compromises influence of Big Data
Boyd & Crawford
(2012)

Wigan & Clarke
(2013)

-

Data sources today (e.g. Social
Media) are unreliable

-

Often really incompatible data
sets are combined, limiting
significance of results
Combination of flawed data sets
reduces overall quality

-

Organizational culture compromises influence of Big Data
-

To leverage the full potential
of Big Data, companies need to
build new analytics capabilities
and reshape their organization

-

Mentality in most companies
does not yet accept Big Data
for decision making or quickly
abolishes it

McAffee et al. (2012)

Redman et al. (2013)

Table 3. Inherent Boundaries to Application of Big Data

A practical example where all aforementioned biases
were present is given by Hoffmann and Podgurski
from the public health sector. First they highlight
existing errors in data capturing and processing, due
to workload and misunderstanding, subsequently
they identify filtering errors in the selection of relevant
6

data sets for electronic health records (Hoffman &
Podgurski 2013).
Finally, it is important to see that none of the authors
supporting a bounded rationality in this case
completely contradicts the beneficial implications
promoted from a technical-rational point of view.
Still they highlight significant drawbacks that limit
the rationality of data based organizations and put
forward questions that should be considered in future
research.
Implications from Big Data originating from the
social Environment
Big Data is not a stand-alone phenomenon, au
contraire: it is deeply embedded in the context of
today’s social environment. Data privacy is the
most prominent theme in this regard. It links to the
question about ethical norms and guidelines for the
accumulation and use of data.
Considering the existence of norms for data
accumulation, one statement of Boyd and Crawford
is central: “Just because it is accessible, does not
make it ethical” (Boyd & Crawford 2012, p. 671). As
Davenport (2011) outlines in his case study, the basic
set of ethics in regard to data is most often company
specific. According to Booch (2014) these guidelines
are currently not clearly defined on an international
level, as only in some places like the European Union
strong data privacy regulations are applied. The
paradox leading to the inherent complexity of this
topic is described by Nissenbaum (2010): He states
that today privacy is mostly contextual, whereas data,
as seen in the previous section by Wigan and Clarke,
Müller-Schönberger and Cukier, as well as Booch, is
often de-contextualized, which in turn compromises
its privacy pledges (Wigan & Clarke 2013; MayerSchönberger & Cukier 2013; Booch 2014). A very severe
case of this paradox is outlined in Davenport’s case
study, where the decision is at hand to sell customer
data thus compromise customer relationships and
privacy for financial benefits (Davenport 2011).
A question implied by this discussion about data
usage is about its ethical boundaries. Considering
again the example of public health, the sharing of
electronic health records could have the potential to
greatly advance human understanding of different
diseases; still it would imply disclosure of the most
private kinds of personal data. A potential solution to
this problem could be the usage of anonymous data.
However this view can also be considered flawed,
considering Booch’s assumption that in the future
the vast amounts of data and their inter-linkages will
give the possibility to retrace any kind of data based
on only two or three variables (Booch 2014). In order
to further evaluate this topic, future research should
engage in the question which scope for national
or even international data privacy laws would be
desirable.
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Data analysis, building on the idea of additional
validation runs, by Wigan and Clarke (2013)?

Big Data brings ethical / privacy issues
Boyd & Crawford
(2012)

-

Availability and usage of data do
not necessarily go hand in hand

-

There is a lack of data privacy
guidelines and international
collaboration on this topic

-

Problems emerge from the
paradox of contextual nature
of private data and its decontextual use in companies

Davenport (2011)
Booch (2014)

Nissenbaum (2010)

Table 4. Social Issues of Big Data

The view on Big Data with a focus on managerial
rationality promotes three implications: firstly,
Big Data can be used to support organizational
decision making. However, the claim of scholars to
completely replace legacy decision making tools and
rely solely on analytics should be refuted, as this
essay identified persisting problems of data quality,
which are linked to human filtering, as well as the
combination of data sets. In addition, the current
organizational capabilities and mentalities show
a need for transformation for organizations to be
able to fully make sense of available data. This is
the second implication and it includes not only the
potential for streamlining existing organizations, but
also building new organizational capabilities in order
to improve human filtering mechanisms and prevent
apophenia. Lastly, the ethical implication of Big Data
persists, which focuses on the misuse of private data.
This can also be considered a managerial implication,
as it has lead and will lead to norms and guidelines
that will shape the new data driven organization.
During the course of this critical literature review
questions have been identified that could drive the
future research agenda in this field:

•

•

Which impact does Big Data have on corporate
mentality, and which steps need to be taken to
promote sustainable decision processes based
on Big Data? This question could be extended by
the research of Goldstein and Gigerenzer (2009),
who are contrasting heuristic and statistical
approaches to decision making.
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