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 Organizations are looking for ways to harness the power of big data (BD) to improve their decision making.
Despite its significance the effects of BD on decision-making quality has been given scant attention in the litera-
ture. In this paper factors influencing decision-making based on BD are identified using a case study. BD is collect-
ed from different sources that have various data qualities and are processed by various organizational entities
resulting in the creation of a big data chain. The veracity (manipulation, noise), variety (heterogeneity of data)
and velocity (constantly changing data sources) amplified by the size of big data calls for relational and contrac-
tual governance mechanisms to ensure BD quality and being able to contextualize data. The case study reveals
that taking advantage of big data is an evolutionary process inwhich the gradually understanding of the potential
of big data and the routinization of processes plays a crucial role.
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1. Introduction

Big data (BD) has rapidly moved to being a mainstream activity of
organizations. Tapping into large-scale, fast-moving, complex streams
of datasets has the potential to fundamentally transform the way orga-
nizations make their decisions. Big data refers to datasets that are both
big and high in variety and velocity, which makes them difficult to
handle using traditional tools and techniques (Elgendy & Elragal,
2014). The ability to take advantage of all available information has
become a critical ability for organizational success (Olszak, 2016). The
creation of value from data requires combining large datasets originat-
ing from different and heterogeneous data sources (Janssen, Estevez,
& Janowski, 2014). Big data is closely related to Big Data Analytics
(BDA) which are needed to create value of the data (Elgendy &
Elragal, 2014; Holsapple, Lee-Post, & Pakath, 2014).

Data is often generated by other organizations, by users on social
media or provided by devices of the Internet of Things (IoT). In practice
there is often a whole chain of activities in which various actors plays a
role (Anderson, 2015). The variety of data sources, the need to combine
various sources, and the use of BDA often requires the collaboration be-
tween organizations and departments to create a flow of activities.
Organizational silos are locking the use of big data for decision-
making (Economist Intelligence Unit, 2012). Data collection, processing
and use is not done within a single department or organization.
Instead data is collected by many parties and organizations might use
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collaborations and partnerships for acquiring the resources and capabil-
ities for analyzing BD. All these actors and steps increate the difficulty of
using BD for decision-making.

The value of BD often originates from the ability to take better
decisions (Economist Intelligence Unit, 2012). The quality is not solely
dependent on the data, but also on the process in which the data is
collected and the way data is processed. BD and BDA often requires
bringing together multiple actors from different disciplines and diverse
practices to examine the underexplored relationships between types of
data (Janssen &Kuk, 2016). Each activitymay be carried out by different
actors with different capabilities and skills.

The involvement of a variety of organizations results in a flow or
chain of activities which can be labeled as the ‘big data chain’. A BD
chains begins with collecting the data from the sources and ends
when data-based decisions are taken. A big data chain consists of subse-
quent activities that can be distinguished analytically. The term ‘chain’
refers to the analytical view taken on the collaboration (Stank, Keller,
& Daugherty, 2001). In reality, there are many data sources, variations
in flows and decisions. In such a chain there aremany efforts to increase
the quantity and quality of published data over time. These include
removing noise, converting selected datasets into machine readable
and linked data and adding meta-data (Kitchin, 2014). These activities
can affect how BD can be used for decision-making. The chain perspec-
tive is hardly taken as an analytical view of looking at BD. A search using
the keywords “big data” and “chain” results only in a few hits. Brown,
Chui, and Manyika (2011) are the only one who mention the chain in
relationship to big data to express the need to cooperate with supply
chain partners and the role other parties can play in generating data.

The goal of the research is to identify factors influencing BDdecision-
making quality. Often it is assumed that BD results in better decisions,
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but it is unclearwhich factors influence the decision-making quality and
how decision-making quality can be improved by organizations. As BD
and BDA become more common, understanding the big data chain
and factors influencing decision-making quality chain becomes of para-
mount importance for organizations.

This structure of this paper is as follows. First, factors influencing BD
a decision-making quality as found in the literature. Thereafter the re-
searchmethod inwhich a BD chain is analyzed in a large, administrative
organization is presented. Based on the case study factors influencing
decision-making quality are derived. Finally, business implications are
discussed and conclusions are drawn.

2. Big data for decision-making

Several steps for the BD process starting with data capturing and
resulting in decision-making can be found in the literature. For example,
Bizer, Boncz, Brodie, and Erling (2012) identify six steps; data capturing,
data storage, data searching, data sharing, data analysis, and data visual-
ization. In contrast Chen and Liu (2014) only use three steps; data
handling, data processing, and data moving. Marx (2013) proposes
five steps; problem definition, data searching, data transformation,
data entity resolution, answer the query/solve the problem. Whereas
others used other names for denoting similar steps. For example Zhou,
Chawla, Jin, and Williams (2014) use data collection, data storage,
datamanagement, datamanipulation, data cleansing, and data transfor-
mation. Although steps are identified little attention is paid to who
executes these steps and the effects of one step on the other steps.

BD is commonly characterized with three or more Vs: Volume,
Velocity, Variety (McAfee & Brynjolfsson, 2012). Gandomi and Haider
(2015) add three other Vs to this list; Value, Variability and Veracity.
These Vs makes the datasets difficult to handle in traditional ways
(Elgendy & Elragal, 2014). BD often originates from many sources
which are often beyond the control of a single actor like social media
and devices. Veracity refers to that data may be incomplete, out-of-
date and contains noise (Gandomi & Haider, 2015). BD sources have a
variety of data quality. Data quality is a multidimensional concept
describing properties of the information such as accuracy, timeliness,
completeness, consistency, relevance and fitness for use (Miller, 1996;
Strong, Lee, &Wang, 1997). Data quality can be viewed as set of dimen-
sions describing the quality of the information produced by the infor-
mation system (DeLone & McLean, 1992). Past research about the use
of data shows that data quality influences decision-making quality
(Keller & Staelin, 1987; O'Reilly, 1982). As such, BD quality might influ-
ence decision-making quality.

An effective BD chain requires to build capabilities and capacity for
data management and BDA (Chen & Hsieh, 2014). BDA capabilities
include descriptive, exploratory, inferential, predictive, causal and
mechanistic techniques (Schutt & O'Neil, 2013). For that reason, various
methods are employed such as natural language processing, text
mining, linguistic computation, machine learning, search and sort algo-
rithms, syntax and lexical analysis, and so on. BD is often related to
predictive analytics which comprises a variety of techniques that
predict future outcomes to uncover patterns and find relationships in
data (Gandomi & Haider, 2015). Past research in data processing
shows that the organizational capability to process information
impacts its performance (Galbraith, 1973; Premkumar, Ramamurthy,
& Saunders, 2005). Activities for processing BD and BDA capabilities
likely influence decision-making quality.

The capabilities of each organizational entity involved in the BD
chain influence the outcomes. Capabilities include skills and processes
that transform inputs into outputs of greater value (Wade & Hulland,
2004). The ability of organizational entities and firms to collect, prepare
and analyze BDmight be different. Firmsmay possess a capability that is
idiosyncratic to the firm or difficult to imitate due to path dependencies
(Dierickx & Cool, 1989). For example, they might have experts with
specialized knowledge in BDA that are rare on the market (Davenport
&Patil, 2012). Firmsmight also have developed a customized infrastruc-
ture enabling them to take advantage of BD.

Raghunathan (1999) defines decision-making quality as the
accuracy and correctness of decisions. Decision quality may improve
or degrade when information quality and processing improves
(Raghunathan, 1999). As data becomes larger, more complex, and
more inexplicable, the limited mental capacities of humans pose diffi-
culties in deciphering and interpreting an unknown environment
(Sammut & Sartawi, 2012). In BD there might be little understanding
of what the data actually means and in which context data is collected.
Lack of knowledge about BD sources influences decision-making
quality.

Decision-makers should be able to interpret the outcomes of
BDA and should not be manipulated by fancy graphics (Huff, 1993).
Raghunathan (1999) found that decision quality improves if the
decision-maker has knowledge about the relationships among problem
variables. In contrast, the decision quality of a decision-maker may
degrade if the decision-maker does not understand the relationships.
Interactions with those who collected and processed data produce bet-
ter decisions than those without (Burleson, Levine, & Samter, 1984).
This may equally apply for BD, suggesting that interactions with others
persons involved in the BD chain involved result in higher decision-
making quality.

The previous overview shows that the quality of the decision
depends on the quality of the inputs and on the quality of the process
that transforms the inputs into outputs. Factors affecting the decision-
making quality of BD include the characteristics and quality of the BD
sources, the quality of the BDA process, the BDA capacity and capabili-
ties of persons involved in collecting and processing BD, and the
availability of an BD infrastructure. In addition, research in data process-
ing shows that the ability of decision-makers to understand the data
and collaborating with others in the BD chain results in better decision
quality.

3. Research approach

Literature shows that there is a wide range of factors influencing the
BD decision-making. Particular in situations in which several actors are
involved and it is hard to oversee all steps of the BD chain, the quality of
decisions might be compromised. A deep understanding of the context
is necessary to understand factors affecting it (Davenport, 2010;
Goodhue,Wybo, & Kirsch, 1992). In a similar vein, a deep understanding
of the BD chain is required to understand the factors influencing
decision-making quality. Therefore an indepth case study within a
large information-processing organization was conducted.

A qualitative approach based on a case study research (Yin, 1989)
was adopted to gain a deep understanding of the factors influencing
decision-making quality. The case study research methodology is
particularly well-suited for investigating organizational issues
(Benbasat, Goldstein, & Mead, 1987). A single case study can contribute
to scientific development through a deep understanding of the context
and by capturing experiences (Flyvbjerg & Budzier, 2011). Deep
understanding is necessary to identify a broad range of factors influenc-
ing decision-making quality, whereas understanding experiences
results in the identification of mechanisms for improving the decision-
making quality. As decision-making quality is dependent on the
decision-maker, the data collecting and processing, all these aspects
were taken into account when analyzing the case study.

The number of cases that could reveal factors influencing BD for
decision-making quality and using BDA for decision-making were
found to be limited. This was further complicated as some of the cases
considered did not want to disclose their practices. The Dutch Tax orga-
nization was selected as this organization was willingly to share their
practices and much information was available publicly. Furthermore,
this large information processing organization is considered as a
frontrunner in the use of BD and BDA within the Dutch government.
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The Tax organization manages a complex BD chain and already used
BDA in their decision-making processes, which has resulted in new
insights and large cost-savings. These examples have been reported in
the news. The case studywas investigated using interviews and investi-
gating websites, documents, reports and media. Both high-identify
factors influencing decision-making.

4. Case background

Gamage (2016) provides an overview of governments from all over
the world adopting big data strategies. Public sector organizations
routinely collect large volumes of data in domains like health, business
activities, crime, safety, security, weather, pollution, traffic, tax and in-
come. The Tax organization processes immense amounts of data that
are related to the millions of persons and companies who pay taxes.
The BD chain consists of many tasks performed by various parties that
need to be managed. BD and BDA are used by the Dutch Tax organiza-
tions to reduce costs and improve compliancy. The Dutch Tax organiza-
tion has a legal basis to use data to improve the assessment of tax filing
and collection of taxes. They have initiated various BD-driven programs
to realize this. Their ambition is to hire 1500newstaffmemberswhoare
able tomakebetter assessment of taxfiling of persons andorganizations
which should result in an additional income between 750million and 2
billion Euro. At the same time 5000 staff members should become
obsolete. Thewhole focus of the employees shifts towards BDA to detect
tax evasion and fraud.

4.1. Big data chain

The Dutch Tax organization has 92 links with other organizations to
retrieve data about 10 million citizens and 1,2 million organizations
paying taxes. Relevant data sources of other public organizations in-
clude base registries like the citizens, business and vehicle registry,
but also crime information or surveillance information. In additional
they want to employ data published by citizens on social media like
Facebook. Many public organizations collect structured and unstruc-
tured data for their own purposeswhich can be used to enrich the inter-
nal data of the Tax organization. The Tax organization manages the BD
chain by collecting data from other public and private organizations
and combining the data with their internal systems.

The use of BD and BDA was initially ad-hoc and dynamic. The data
was available, but how it could be usedwas not clear. Often four depart-
ments were involved which respectively collected, prepared, analyzed
and made decisions (see Fig. 1). The BD collection was often an ad-hoc
process based on personal relationship, which incidentally required
themaking of agreements with other organizations. Sometimes already
cleansed data was provided, whereas other time rawdatawas provided
that needed to be prepared before BDA could be used. The unstructured
and ad-hoc processes for collecting data pose high requirements on the
data quality and the data processing capabilities.

Next the data was prepared by a separate department who was in
charge of the data quality and performed activities related to improving
the data quality, data enrichment and creating a dataset that is suitable
for using analytics. These activities often encountered challenges with
Data collecting Data preparing

Fig. 1. Steps and transfer poin
the quality of the data and extensive pre-processing was necessary to
find and remove mistakes and to create an understanding of the data.

Once the data is ready, the BDA department started analyzing the
data to identified patterns and so on. This department closely collabo-
rated with the data quality department, as often datasets needed to be
further enriched or questions were raised which required additional
data. “There are so many information sources and each of them seemed
to be different, often providing us a headache when trying to combine
them” was mentioned by an interviewee. Data is used for detecting
generic patterns about populations, but also for finding patterns of indi-
viduals and organizations. Often generic patterns are mirrored on indi-
viduals to find anomalies. A challenge is that all these sources provide
BD in different ways and manners and might contain mistakes and
noise.

Finally, the results are prepared for use by decision-makers. The head
of the BDA department played a key role as he often presented the
results to the board. At later stages the big data chainswill be integrated
in the operational processes. The decision-makers in these processes
will be the inspectors who used the BD and BDA results for making in-
spection decisions. This requires clear guidelines as their decision-
making authority is limited. A decision-maker complained about the
complexity “there is always a ‘but’ when the provide the data. Why can't
they just provide a single recommendation” followed by an appreciation
of the insight gained to improve tax filling and collection and the cost
savings accomplished. Also it was commented that “decision-making be-
came more difficult as combination with other BD might show a different
pattern”.

BD sources originate from different places within and outside the
Tax organization. Data capturing methods are often based on collecting
as much as data as possible because value of the data is mostly prior
unknown. Collecting and getting access to high quality data was found
to be a major issue. A key aspect found was the transferring of knowl-
edge about the data among the organizational entities involved in the
BD chain. A transfer point is the handing over of data from one organiza-
tional entity to another organizational entity. Transfer points also exist
within the Tax organization, as there are many siloed departments
owning different types of data. These transfers may be more complicat-
ed than perceived initially, as not only the actual data need to be
transferred but also the knowledge about the data. Fig. 1 shows the
transfer points between four main activities. The arrows stress the
transfer points and the need for coordination between these activities.
The collection and transfer of data is guided by relational or transaction-
al governance mechanism.

Transferring entails more than just data transfers. For example the
cleansing of data might have removed distortion in early phase, which
might reduce insight. Distortions might be early warning indicators
for the need to investigate in more detail. The sharing of knowledge
between the organizational entities and themaking of clear agreements
about how the data is transferred and how the data is already is
processed was found to be essential for being able to use BD in the sub-
sequent steps.

Several times interviewees mentioned that organizational entities
were hesitant to share their data and knowledge with others. In partic-
ular for situation in which the use of the data was not completely clear
in advance and the BDA was searching for possible patterns. Social
Data analysing Decision-making

ts in the big data chain.
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processes for trust building among parties were necessary. Sometimes
parties refused access to or providing data. Finding out what the
meaning of the BD was and the implications of the analysis proved to
be challenging. Deep understanding of the context of the tax applica-
tions was found to be necessary. A data analyst mentioned “How do
we understand the big data? We had to team-up with various domains
experts and only during the discussion we discovered the meaning of the
pattern we found.”. Collaboration and knowledge sharing among depart-
ments and domain expertswere found crucial for using BD. In particular
the working together in teams consisting of fiscal and tax domain ex-
perts on the one hand and BDA experts on the other and proved to be
important.

4.2. Big data for decision-making

BDA are used to detect patterns and for finding factors that contrib-
ute to incorrect or fraudulent tax filing and for identifying persons who
did not pay their taxes. Often it was a cumbersome searching process
before the examples listed hereafter were found. A variety of data
sources were used and the BD veracity and validity often was an issue.
For example data from persons, who did not pay or were unable to
pay their taxes, was combined with data from the social security
registers and the vehicle administration. Combining this data resulted
in the detection of persons who claimed that they were unable to pay
their taxes, but owned an expensive car. Also persons were identified
who received social benefits, but were not able to pay their taxes. Also
tax payers data was combined with unstructured data on social media
like Facebook, Twitter andMarktplaats.nl. This data was used in various
ways. For example, to check whether somebody who claimed to have
no or limited income employed other activities to earn money. Also to
analyze whether persons employed business activities and did not pay
taxes about these business activities. The outcomes were used for
guiding inspection decisions and have resulted in higher tax income.

BDA patterns show generic relationships which might not always
hold for individual cases. For example, somebody trading goods could
also mean that somebody was just selling their own belongings to
able to buy new good. Another example is that names were mixed up.
Making wrong judgement has already resulted in complaints and one
case has hit the news. The Tax organization should be reserved in
using the BD for certain purposes, as this can have a undesired societal
or political impact.

Profiles are created of persons and organizations to detect if there are
any risks concerning the providing of the information and the collection
of taxes. These profiles can be used for improving tax filing and
preventing mistakes. For example, BDA results showed that people in
a divorce provided often information that was not correct and incom-
plete. In a similar vein BDA results showed that self-employed persons
who have become ill or unemployed often made mistakes in their tax
filing. This has resulted in remedial activities including creating
awareness of common mistakes and the simplification of forms. Less
mistakes resulted in the use of less resources by the Tax organizations
to identify and correct mistakes.

BDA applications are often dependent on data fromother public agen-
cies to know their social security andmarital status. Sometimes large and
varied datasets are necessary, but for this example a simple notification of
a status change is sufficient. The receiving of such an alert requires the
making of clear agreements between parties about how the data should
be delivered. Sometimes BD was transferred without having in-depth
knowledge about the dataset structures, the context the data was collect-
ed and its data quality. This poses a challenge for the BDA department, as
more informationneeded to be collected to understand thedata. Often in-
teractions with the data providers was necessary.

For persons and organizations who did not pay or were not able to
pay their taxes dynamicmonitoring is introduced. Persons and organiza-
tionswhodid not pay their taxes aremonitored for conducting econom-
ic activities. For example, BDA discovered a person having social
security posting all kinds of advertisements on an e-market. These
BDA applications require the reliance on information sources that are
external to the government and are volatile. Also persons having a
high risk profile can be monitored in this way.

4.3. Organization

BD andBDAwere new and innovative activities for the Tax organiza-
tion. Although initially the BD and BDA activities were initiated within
the operational department, but after some time a new organizational
entity was found. This new entity was operated separately from the
operational departments and could work in an agile manner, because
this organization was not bound by institutionalized patterns, proce-
dures and principles. Being a separate entity helped to attract a high
skilled workforce and to search for new ways of using BDA and to
pilot new practices. The new organization entity was directly controlled
by the board of directors to enable quick decision-making about the di-
rections to be taken. Apart from the agility this had also the advantage
that this allowed to make a conscious trade-off between the govern-
ment and individual needs. BD changes the balance of power between
the government and individuals. Government should avoid exercising
power and the use of BD and BDA should be careful considered. For
this the board also consulted other stakeholder groups to ensure that
the various interests were taken into account when deciding to use
BD. In particular if the use of BD outweighs the privacy of the individual
was found to be a frequently occurring trade-off.

The outcomes of the BD and BDA resulted in the need to standardize
and routinize these activities and to integrate them in the operational
administrative processes to enable real-time use of BDA. At the same
time there was a need to educate, change and to empower staff. The
organization has initiated this process, but the fully automation of the
use of BD in real-time for the operational processeswas not implement-
ed, as considerable technical challengeswere encountered. In particular
the integration of the BDA in business process management systems
supporting the administrative work was found to be challenging.
Another issue was the knowledge transfer of how the data is collected
and manipulated. The velocity of the data and the need to understand
the contextual meaning makes it often difficult to routinize the work
and embed the use of BD and BDA in the operational processes.

5. Factors influencing decision-making quality

The case study provides a rich insight into themany factors influenc-
ing decision-making quality. Although no longitudinal study was con-
ducted, the documents and interviews showed that the influence of
these factors changed over time. The use of BDhas becomemoremature
and institutionalizedwith the organization. The adoption of BD and BDA
was an evolving process which started with ad-hoc activities and in
which organizational changes were necessary to take advantage of the
possibilities. Over time agreements were made with other parties to
acquire the data needed. New staff were hired and a new department
was created. A separate organizational department that operates
independently of the operational department was founded to take ad-
vantage of BD. This resulted in the ability to create value using BDA
within a relatively short time frame.

By taking a chain perspective a large number of interrelated factors
that influence the decision-making quality were identified. Factors
influencing the decision-making quality are listed and described in
Table 1. The data quality of the many sources of data influences
decision-making. Subsequently this information needs to be processed.
The quality of the systems, the integration of processes for handling the
data and contractual and relational governance for ensuring data quality
and knowledge transfer were found to be key factors. The better the
systems are integrated and are suitable for handling BD the easier it be-
comes to process BD. The capabilities of the workforcewere found to be
important, as staff should have the rights skills and competences.



Table 1
Factors influencing the decision-making quality in the case study.

Factors Description

Contractual governance The making of agreements and contracts with BD providers is used to increase the data quality. Agreements among organizations
are used to ensure mutual understanding of BD, to create clear responsibilities and procedures, and to improve communication.

Relational governance Relational governance is necessary for building trust among organizational entities and for ensuring the sharing of relevant
knowledge that is necessary to interpret BD. Good relational governance includes communication and knowledge exchange which
is necessary to understand and process data.

BDA capabilities Analyzing BD can contain dozens of variables and parameters. It was difficult to find the right tools for analyzing. Which techniques
can be possibly used and how BD can be visualized is a challenge. This was often a long search process in which knowledge of BD,
BDA and the domain was necessary.

Knowledge exchange Both data and knowledge about the data needs to be transferred. Knowledge about how the data is collected and processed is
necessary for being able to interpret the data and to understand how it can be used. Once BDA analyst have more knowledge about
the context the use of BDA and the finding of patterns and relationships becomes easier.

Collaboration The ability to collaborate among BD providers, BDA analysts and decision-makers is a key condition to overcome fragmentation and
create a BD chain. Furthermore, the inability to collaborate with data providers and to acquire the data can block the creation of
valuable applications.

Process integration and standardization The ability to integrate processes and to standardize tasks and data results in enhancing the BD chain. This results in lower efforts
and cost to use BD and BDA. This is important condition for standardizing and routinizing the use of BD.

Routinizing and standardization By routinizing BD chain the BD velocity is improved. This helped inspectors to make decisions in real-time.
Flexible infrastructure Having a flexible infrastructure determines the ability and the amount of effort necessary to handle and process the data. Systems

integration improves the handling of BD. Initially much manual work was necessary which resulted in long lead times for arriving at
results.

Staff Finding specialists who can deal with BD, have knowledge of BDA, and are able to communicate with business persons to interpret
the results are a key conditions. These people are scarce. Partnership with companies enabled to use people from outside the Tax
authority.

Data quality of the BD sources BD provides little value if it is not accurate and people are not able to interpret the decisions. Wrong decisions can even be more
costly. Wrong decision had even a societal impact, as this resulted in questions asked by politicians.

Decision-maker quality Decision-makers should be able to interpret the outcomes of the analytics and understand the implications. In the case it was found
that the more experienced decision-makers were, the better and the faster decisions could be made.

342 M. Janssen et al. / Journal of Business Research 70 (2017) 338–345
Educationwas needed and sometimes external staff was hired based on
partnership with BD companies. Governance is a complex factor as it is
affected by factors like communication, trust, decision-making respon-
sibilities and procedures, which can be views as antecedents of gover-
nance. Both relational and contractual governance mechanisms were
found. The first was dominating at the early stages, whereas the latter
becomes important when BD chain becomes institutionalized.

The description in the table shows that many factors are interrelated
and can reinforce each other. A chain dependency is that BD source qual-
ity influences the need for data processing activities. Sometimes several
processing steps were necessary before the data could be used. The com-
bination of data source quality and the data processing ability influences
the decision-making quality. Furthermore, governance mechanisms can
be used to get a better grip on and even improve BD quality. Making
clear agreements about the quality of BD can improve decision-making
quality in the end. Governance is aimed at posing the right conditions
for data processing and ensuring that the right data is collected at the
right quality.

Many aspects of BD influence the decision-making quality. For ex-
ample BD volatility can result in incorrect outcomes. The collection of
vehicle data by speed trap cameras for the purpose of speed violations
can be used to identify if personswho are leasing a car for their business
also use this car for their personal use. This requires a different quality of
data as the place and time when the data is collected are the crucial
variable, instead of the speed of the car and the speed limit which are
necessary for providing fines. Although this information is collected,
the place often is not stored in the data, as measurements are often
fixed and datasets are handled individually. When this information is
aggregated the place is not included and needs to be added afterwards
which requires the asking for additional information. This process was
found to be prone to error. The location of the speed trap camera
might changes over time. The way data is collected and data sources
are subject to change and further complicates the processing of data.
Their main issues found in the case study with BD were related to the
Velocity, Validity and Veracity and have to do with the following issues.

1. Processing and manipulation: The velocity of the data can mean that
only one part of the data is provided which might give a different
picture than when the whole dataset can be viewed. For example
data about some persons are not communicated, although this data
might be available. Some groups might be more fraudulent, but this
is kept hidden to avoid stigmatization. This type of data might not
be communicated, but this influences the outcomes of BDA and ulti-
mately the decision-making.

2. Noise: Data is incorrectly connected to each other. Identities of per-
sons are mixed up, an wrong place is mentioned, or some data
from different periods are connected to each other. For data analytics
revealing patterns this might not be a problem, but for inferring
about individual cases it is.

3. Error: The context in which the data is collected is often not known
and only the source has this information. If there are any changes
in theway data is collected and this is not communicated this results
in erroneous results. Not enough understanding of the context and
the changes in the context is available. For example, this can result
in connecting data collected in different years with each other.

These challenges are not easily to deal with due to the volume of the
data. One of the interviewees mentioned that ‘the amount of data influ-
ences the possible level of control’. Meaning that the more data is used
the less attention can be paid to ensuring the correctness of the data.
Part of the causes is that BD sources are used that are often collected
for other purposes. What is measured is used, instead of what kind of
data needs to be collected to answer the problem.

The processing of data contains a number of steps ranging from data
cleansing, combining, aggregating to analyzing. One interviewee men-
tioned “The combining of data is probably the most complex step but also
the most neglected step”. The combinations might result in various limi-
tations that need to be taken into account. The naming conventions,
data definitions, place and time of measurement, and granularity of
data all play a role when combining data. For instance, although the
term ‘net income’ is standardized over the past decades from over 50
definitions to a handful, there are still several different definitions
used in different contexts, like taxes and pensions. This makes it com-
plex to aggregate the data. Sometimes assumptions are made or data
is left out based on the judgement of the person in charge of this. In
addition, not having the same unique identifiers among data sources
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makes it sometimes even impossible to combine the data. Apart from
technical issues, also privacy legislation can prevent data sharing. This
is confirmed in the literature as understanding the privacy of these
datasets is key to their broad use (de Montjoye, Radaelli, Singh, &
Pentland, 2015).

Apart from the skills of the decision-makers, the experience of
decision-makers proved to be important. This confirms the findings of
Raghunathan (1999) on decision-making that simultaneous improve-
ment in data quality and decision-maker quality results in higher
decision quality. The first time decisions were made, there was unbri-
dled enthusiasm over the results, but also much uncertainty over their
possible use and the interpretation of the analysis. Specifically, there
were worries about violating legislation, like privacy, and whether the
decision would prove to be correct. After a while the decision-makers
better understood the limitations and the potential for their decision-
making.

Often manual work was done to get the data out of the systems. In
the long term the ambition is to automate the handling of BD to
integrate them in the operational processes. The creation of such a BD
pipeline requires the integration of the disparate BD chain processes
and the standardization of the data. Such a data pipeline is necessary
for integrating BDA in the administrative processes. However, the
current situation is far from this ideal, as many manual steps need to
be taken and the existing business process management systems need
to be updated. Process integration is expected to take several years.

The case study confirmed the findings of Gamage (2016) finding the
right people having the rights skills was viewed as a major challenge.
Much efforts were invested in attracting the right people. Attracting
and employing the right persons became possible through the creation
of a separate organizational entity. “There is a huge gap between the
capabilities of the people needed and the capabilities our staff has” was a
statement that was expressed by several persons. The situation is even
worsened as each department had different types of personswho some-
times had a hard time to understand each other. Nevertheless collabora-
tion among departments was found to be necessary for using BD and
BDA for improving decision-making quality. Whereas the information
quality department was traditionally focused on maintaining the quali-
ty of their internal data theywere confrontedwith external data sources
having unknown quality thatwere out of their direct control. Theywere
not used to handle this.

In the BD chain many actors had different capabilities. The actors in-
volved are different players which are often independent, and process
and manipulate the data before transferring. They might have different
strategies and be unaware of the possible use of BD by others. The
quality department might remove all exceptions and anomalies from
the dataset in order to improve the quality, whereas the data scientist
might want to look for these kinds of patterns. A lack of understanding
about how data is collected, what processes are being implemented,
and what the data might be used for might disrupt organizational
processes.

Apart from having the knowledge to handle data also relational
capabilities were found to be important. The persons needed to collab-
orate to gain a deeper understanding of what can be done with the
data. Also communication of the findings, including the validity and
the implications, is a crucial aspect. Finally, understanding the context
in which the Tax organization operates in, including relevant legislation
is important, as its sets the boundaries to what is socially and legally
allowed.

Initially there were no formal agreements about the use and sharing
of data. At the beginning a one-time access to data sources was neces-
sary as situationswere only analyzed once. In these cases gaining access
to the data was often dependent on personal relationships. Sometimes
jurists needed to be involved to ensure that data sharing would not vi-
olate any legislation or policy. Data was extracted from the operational
system once and thereafter used. This approach affected the timeliness
of the BD and resulted in the need to improve the BD velocity.
For a continuous collecting of data a well-functioning BD chain re-
quires stability of transactions. For this relationship governance was in-
troduced in the case study. Relationship governance describes any
activity that enhancesmutual relationships in order to facilitate transac-
tions and build trust (Bevir, 2012). Using data from not-trusted sources
having unknown quality is risky and this should be avoided for a public
organization that should represent the societal interest. The need for
access to some information sources, like the base registries, and the con-
tinuous inclusion of data from external sources in the operational
processes poses the need to have formal agreements between the data
suppliers and Tax organizations. These formal agreements should war-
rant the continuous access to the data, information quality but also
that formats or other aspects are not changed. Relational contracts
consisted of contracts and Service Level Agreements (SLAs). Relational
contracts dictate the specification of the data, its qualities and its form.
As such, the relational contracts regulate the transfers between these
activities if they are carried out by different actors. Also within the
own organizations agreements were developed as they were not used
to sharing BD.

6. Business research implications

The factors identified in this research can be used to improve the BD
decision-making quality by organizations. Decision-making based on
BD requires the organization of the activities to acquire and use BDA
to analyze data. Organizations have to develop sophisticated processes
to understand the context to have the precise meaning to make BD us-
able for decision-making. Big data can offer some unusual inflection
points for new insights and understandings and has the potential to
improve decision-making. This requires a good overview of possible
data sources and how they are combined to understand the context.
Creating such a BD chain requires that BD experts from external parties
collaborate closely with domain experts to understand the analysis and
implications of BD. The collaboration aspects were found to be a crucial
aspect for employing BD and BDA need further research attention. Also
creating an overview of BD sources and the evaluation of the quality of
the resources is an area which needs more research.

Embedding and institutionalizing BD and BDA as a part of the
operational organizations was found to be difficult. Instead a new
department was introduced. Having a new department enabled the
Tax organization to work in an agile manner, as how data could be
used, which data was necessary, which types of BDA could be used
and the possible purposes were not clear. This also enabled to change
quickly and adapt new practices. The existing organization was found
to be bound by institutionalized patterns, procedures and principles
which would make it a cumbersome process to take advantage of BD
and BDA within a short time frame. Furthermore, by establishing a
new organization the management was able to attract new, highly
skilled workforce which had the right capabilities instead of having to
rely on the capabilities of the existing workforce. A next step will be
the integrating of BD and BDA into existing processes which requires
that existing staff are able to deal with the collecting and processing of
data. The expectation is that this requires considerable effort and re-
organization. This practice is domain dependent and more research
into the integration of BD and BDA into organizations is needed.

BD is noisy, messy, constantly-changing and comes in different for-
mats. The veracity of BDmakes the creation of value from BD challeng-
ing. There are datasets from many systems, some incomplete, with
noise and errors, collected at different point of times. These have to be
copied, cleansed, translated and unifiedwhichmight affect the potential
for decision-making. For this reason the BD chain needs to be managed.
However, several actors are outside the hierarchical scope and there
was limited control on the activities they perform. Also relying entirely
on contractual governance was no option, because formal agreements
explicating their responsibilities are not suitable due to the velocity of
BD. Relationship governance, based on trust and informal rules, was
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found to be of vital importance to facilitate the transfers in the BD chain.
Decision-making quality depends heavily on the capability, trust and
willingness of actors to play their role in the chain well. Increased col-
laboration among BD chain participants leads to lower total cost and
enhanced decision-making quality. Building trust involves personal
qualities, but also skills and knowledge. Staff should have the capability
and willingness to safeguard for instance accuracy, timeliness, com-
pleteness, consistency, and relevance of BD which is no sinecure. Espe-
cially delivery of data in real time requires constant attention.

The case study clearly shows the evolutionary nature of adopting BD
and BDA approaches, which is surrounded by uncertainty and complex-
ity. This nature becomes paramount when looking at the governance.
Initially the activities were primarily based on informal relationships.
The quality and the data analytics departments contacted each other
informally and there was much dependence on informal communica-
tion. There was no governance of transfer points and no control of BD
chain. As the number of data sources increased and the awareness of
the need for information quality improved, SLAs were made, and con-
tractual governance became more important for assuring a continuous
stream of up-to-date data. This evolvement posed also new require-
ments on the skills of persons. Whereas at the start number crunching
was important, after some time the communication skills gained impor-
tance. Kitchin (2014) provides a large variety of skills required from BD
professional. Persons having all these qualities are scarce or may not
exist at all. This requires organizing staff in such a way that appropriate
skills are available.

7. Conclusions

Value from BD and BDA is generated by improving decision-making
quality. Despite its importance, there is limited research on the use of
BD for decision-making to date. Often it is assumed that BD and BDA
results in better decisions, but thismight be a too simplistic assumption.
There are many interrelated factors influencing decision-making quali-
ty. In addition, conceptualizing BD and BDA as a single process operated
by a single data scientist is too simple as showed in the case study.
Taking a chain perspective allows to analyze both the activities that
are carried out in a BD chain and the organizations that carry them
out, and to understand the interdependencies between those activities.
This results in amore deeper understanding andmore diverse set of fac-
tors influencing decision-making quality.

BD sources vary and have different characteristics which influences
how BD needs to be processed and how BDA can be used. There are
many factors influencing decision-making quality which need to be ad-
dressed simultaneously to improve decision-making quality. Process
transformation and integration, development of skills, retaining experi-
ence and human resources, ensuring data quality, flexible systems,
collaboration, knowledge exchange, decision-maker quality, building
trust and managing relationships are among the key factors found.
The main challenge found was not dealing with the volume, but the
ability to understand the BD and use BDA to create value by dealing
with the variety, velocity, veracity and validity of data. For these pro-
cesses need to be in place to deal with these characteristics of BD.
Decision-making quality is not just dependent on BD and BDA, but
also about the ability to manage the BD chain.

The findings show that the quality of the source data, the processing
of the data and how the transfer of the data is handled influences the
quality of decision-making. These findings highlight theneed to develop
appropriate and effective contractual and relational governancemecha-
nisms for managing the BD chain. It also shows the need to devise
governance mechanisms for managing the collection and processing
of BD. Governance should ensure access to the BD sources, creating in-
sight into the quality of BD, and understanding of the meaning and
limitations of BD. Although the variety of BD and theuse of BDAenhance
the ability to detect fraud and can be used to prevent the making of
mistakes, it can also exacerbate discrimination. In government the
balance of power between government and the individual needs to be
careful balanced. In the case study the board was involved in this
decision-making. In addition, also other parties were consulted when
necessary.

The main limitation of this study relates to the use of a single
case study within one domain based on interviews and documents.
Finding a suitable case study was found to be challenging, however,
the case study revealed experiences that are not found in the literature
yet. Further research can focus on investigating cases from different do-
mains and on generalizing the factors influencing decision-making.
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