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Abstract 
Big data is data sets that are so voluminous and complex that traditional data-processing 
application software is inadequate to deal with them. Big data challenges include capturing 
data, data storage, data analysis, search, sharing, transfer, visualization, querying, updating, 
information privacy and data source. There are five dimensions to big data known as Volume, 
Variety, Velocity and the recently added Veracity, Value and Variability. This article discusses 
the capabilities of organizational involved in the big data chain of information, influences the 
outcomes in making decision. 
Keywords: Big Data, Decision Making, Information Management 
 
Introduction 
 Big Data (BD), the new frontier has begun with large volume, complex and growing data 
generated by various distinct sources either human or machine. Nowadays, millions of data 
generated which nearly every aspect of modern society is impacted by these phenomena 
either management business or government. This new era has brought almost every 
organization driving in looking for ways to harness the power of BD to improve their predictive 
power in decision making. Elgendy and Elragal (2014) said BD is “closely related to BD Analytic 
which needed to create value of the data.” The recent upsurge began with the special issues 
entitle “Big Data” published by Nature (National Science Foundation, 2011). After the BD 
initiative presented by Obama Administration in 2012, Garner listed BD in both the “Top 10 
strategies Technology Trends for 2013” and “Top 10 critical Tech Trends for the Next Five 
Years” (Wang et. al., 2016). 

 
Definition of Terms 
 Several terms been defined to focus on the scope of the discussion in this paper. Big 
Data reflect a vast amount of disordered data, collected by different types of business and 
state organization (Koscielniak and Puto, 2015). Big Data Analytics on the other hand is the 
process of examining large and varied data sets -- i.e., big data -- to uncover hidden patterns, 
unknown correlations, market trends; customer preferences and other useful information 
that can help organizations make more-informed business decisions (Rouse, 2013). Decision 
making can be defined as the study of identifying and choosing alternatives based on the 
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values and preferences of the decision maker (Fulop, 2001) and “strategic decision-making 
process” was defined as a non-routine decision process, usually with long-term 
consequences. (Hadelin and Allwood, 2002)   
 
The Idea of Big Data 
Concepts of Big Data  

Koscielniak and Puto (2015) indicates that the concept of Big Data has evolved over the 
last several decades; in the literature, the most frequently adopted definition is the one by 
Douglas Laney who, in 2001, claimed that it is a vast amount of data generated very quickly 
and containing a large amount of content. In this sense, a National Science Foundation (2011) 
solicitation refers to Big Data as “large, diverse, complex, and distributed data sets generated 
from instruments, sensors, Internet transactions, emails, videos, and all other digital sources 
available today and in the future.”  In addition, the word big is not just about the size. Gobble 
(2013) states that “data is big because there is too much of it, because it is moving too fast, 
or because it is not structured in a usable way.” 

 
Characteristics of Big Data 
Lycett (2013) indicated bigness of data refers to the increasing availability of data that 
provides the impetus for the use of data analytics. Several definitions of the concept currently 
exist with the considering the emerging nature of “Big Data” with ‘Vs’ to define ‘big data’. 
Three pillars or words, which are volume, variety and velocity, are commonly being 
characterized as big data and highly discussed (e.g., Laney, 2001; Russom, 2011; McAfee and 
Brynjolfsson, 2012; Kwon and Sim, 2013; Lycett, 2013; Raghupathi, 2014): 

• Volume defined as the amount of data, which is increasing significantly. The volume 
of big data may reach the level of terabytes or even petabytes, which is far beyond 
the conventional limits of megabytes or gigabytes. Ertemel (2015) estimated that by 
2020, the data created will be 50 times more than the amount of data in 2011. 

• Variety refers to the many sources and types of data. There are structured data (e.g., 
numbers, dates), semi-structured data (e.g., XML documents), and unstructured data 
(e.g., videos) that firm are now dealing from within and outside the organization. 

• Velocity indicates to the speed at which the data is created. This new dynamic 
characters of the data, has created a new craving for generating results in real-time. 
For example, in 2015, 100 hours of video were uploaded to YouTube every minute 
(Ertemel, 2015). 

In addition to the three V’s, other dimensions of big data have also mentioned as complement 
features of big data (e.g., Dijks, 2012; Iview, 2012; White, 2012; Katal et. al., 2013; Fosso et. 
al., 2015): 

• Value focuses on the importance of extracting economic benefits from Big Data. 

• Veracity highlights the importance of quality of the data and the level of trust in 
various data sources. 

• Variability considers the inconsistencies of the data flow. 
  

Big Data Value Chain 
Janssen, Voort and Wahyudi (2017) suggested that as quoted, “the Big Data chains begins 
with collecting the data from the sources and ends when data-based decisions are taken. A 
Big Data chain consists of subsequent activities that can be distinguished analytically.” The 
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term ‘chain’ refers to the analytical view taken on the collaboration (Stank, Keller and 
Daugherty, 2001).  
There are several steps for the Big Data process starting with data harvesting and end-up 
resulting in decision-making. There are some salient points about the steps among 
researchers. For example, Bizer et al., (2012) identify six (6) steps; data capturing, data 
storage, data searching, data sharing, data analysis and data visualization. Marx (2013) 
proposes five (5) steps; problem definition, data searching, data transformation, data entity 
resolution, answer the query/solve the problem. In contrast Chen and Liu (2014) only use 
three steps; data handling, data processes and data moving. An effective big data chain 
requires building capabilities and capacity for data management (Chen and Hsieh, 2014). The 
capabilities of each organizational involved in the big data chain of information, influences 
the outcomes. Thus the ability of organization and firms to collect, prepare and analyze big 
data might be different based on each entities capabilities.  

  

 
Figure 1: Steps and transfer points in the big data chain 

  
Base on the Figure 1 above, the use of Big Data and Big Data Analytic was initially unplanned 
and dynamic in nature. At first the data was there, but nobody has any clear idea on how it 
could be used. Often but also debatable, there are four processes were connected and related 
which respectively data collecting, preparing, analyzing and finally tailored for decision 
making. The Big Data collection was often an ad-hoc process based on personal relationship, 
which incidentally required the making of agreements with other organizations. Next was to 
improve data quality that performed activities related to improving the data quality such data 
cleansing or enrichment and molding a data set in making it perfect data analytics. Once the 
data is ready, the data scientist will start analyzing the data to identified patterns, identifying 
trends and try to come out with prediction if possible if the data is adequate enough to 
calibrate the trend. The analysis will be prepared usually in various data visualizing format for 
use by stakeholders and decision-makers. The head of the big data analytic usually known as 
the chief data scientist and his or her team will present the results to the board or 
stakeholders. At later stages all of these output of the Big Data chains will be integrated in the 
operational processes (Janssen, Voort and Wahyudi, 2017). 
Another example of value chain is based on Figure 2 below. The study about the decision-
making, in general, exists in each procedure of Big Data, such as data acquisition/storage, data 
cleansing/integration, data analysis, data visualization and predicting by derived knowledge. 
Based on the paradigm of producing Big Data, the relationship between decision science and 
Big Data was shown by Figure 2. 
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Figure 2: The relationship between Big Data and decision sciences 

  
“Decision theory supports decisions in each phase of processing Big Data; the solutions of Big 
Data enrich the content and scope of decision sciences. In this sense, one can make more 
intelligent and felicitous decisions by utilizing better prediction. The first aspect focuses on 
the emerging techniques and technologies that are elaborately designed for processing Big 
Data based on decision sciences, whereas the second aspect concentrates on specific 
applications which process special data sets to support decision making in specific fields such 
as business and management” as quoted by (Wang et. al., 2016). 

 
Decision-Making Culture 
 Snibbe and Markus (2005) stated that there is a social endorsement in independent 
cultural context that promote the values of uniqueness, self-reliance, self-expression, and 
autonomy. So, some future explanations for vary decision mode demand with cultural norms 
tangled with individualism or collectivism.  
 Muller, Spang and Ozcan (2009) in their studies has identified about twelve categories 
of cultural differences but they focus only into three (3) main categories which are: Team and 
Consensus Orientation. They clarify that it was included with consensus-orientation, 
individualism vs. team-orientation and also partnership collaboration. Secondly is the 
Organization that covers in leadership with or without authority, flexibility in executing work, 
confident appearance, structured working, and consequence-orientation. Finally, is 
Individualism that being such factors as significance of private life, identification with project 
results, open-minded communication orientation and finally, solution and problem-
orientation.  
Hofstede, Hofstede and Minkov (2010) express “culture as the collective programming of the 
mind that distinguishes the members of one group or category of people from another”. 
Another four dimensions about culture according to Hofstede (2011) which are; Masculinity 
versus Femininity, as a societal and not an individual’s representative and it is “refers to the 
distribution of values between genders”. Individualism versus Collectivism, in an individual 
society, there is a desire that people see after themselves and associations between people 
are free; meanwhile in collectivist society, people are coordinates into solid, cohesive 
bunches, which may frequently include bigger family. Uncertainty Avoidance is a dimension 
that indicates the level of ease with unstructured situations and it is different from risk 
avoidance. It covers a cultures tolerance for doubt. Lastly, the Power Distance refers to the 
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levels which less powerful committee of organizations accept and expect unequal power 
supplies. This dimension is measured from the followers and was not only from the 
perception of leaders.  

Adam (2016) believes that the culture itself has influences on the development growth 
and the organization transformation at various levels. Nevertheless, the way the culture 
impact on the decision-making process is depends on different reasons. There is no much 
detail explanation of the relation between culture and decision-making process, but there is 
a prerequisite for an integrative research that clearly ponders the impact of the situation on 
the strategic decision-making procedure. The cultural differences need to be identifying in 
order to understand why there is the difference in any decision-making. Frank and Stephanie 
(2016), stated that there are cardinal issues across cultural which in the preliminaries, they 
considered need, mode and investments. In further point of “need”, there are attention 
differences, information interpretation and motivational differences to be considered. The 
differences of culture probably may lead to different decision-making since the beginning. It 
is differing in culture interpretations on the same data whether it is chances or threats that 
finally the decision engaged to their interpretation. Alattar et al., (2016), stressed the point 
“mode” is referring to what or who is tangled in producing a given decision and how it made.  

Frisk and Bannister (2017) simplified in their research according their literature review, 
there are differences in values and behavior of person from different national cultures and in 
order to improve organizational performance, the organizations were needed to have 
revolution in decision making culture. 

  
Suggestion 
Frisk and Bannister (2017) suggested in order having a successful decision making in 
organizations, there are suggestions to be considered; 

• Moving from an individual perspective to a collaborative perspective; 

•  Moving from a culture of fast decision-making (something essential at the front line, 
but not useful for ICT investments) to a considered and systematic form of decision-
making; 

•  The development of a common language that facilitated the future collaboration 
and understanding between managers with different roles, in different functional 
areas and at different levels;  

• Change from a dominant technical perspective to pluralistic value perspectives 
across levels in the organization and the transformation in modes of communication 
that accompanied this;  

• A change from an individual value perspective to an organizational value perspective. 

• The achievement of organizational learning by considering business problems in 
order to improve the decision-making. 

Therefore, the differences of culture probably may lead to different decision-making since 
the beginning. The cultures must be accepted, and cross-cultural dialogues were followed 
in order to promote learning. 

  
 Big Data Analytics 
Analytics in modern day business can be best defined as engaging in use of data- structured 
or unstructured, with formal analysis-statistical or machine learning, to arrive at learning that 
help in making better business decisions. The outcome of modern day analytics is more often 
than not a probabilistic outcome, in that analysis helps generate probabilities for various 
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outcomes instead of suggesting one (1) deterministic outcome with certainly (Agrawal, 2014). 
As quoted again from (Agrawal, 2014), “Data is often generated by other organizations, by 
users on social media or provided by devices of the Internet of Things (IoT).  The variety of 
data sources, the need to combine between organizations and departments to create a flow 
of activities organizational silos are locking the use of big data for decision making.” 
 
The Speed of Big Data Analytics Technological Development 
“At a fundamental level, identifying patterns and compute/assign probabilities to different 
states is what Big Data Analytics (BDA) is about” (Agrawal, 2014) that some of the popular 
BDA analytical techniques are: 

• Artificial Neural Networks for classification and prediction. 

• Random Forest for classification. 

• Support Vector Machine for classification. 

• Bayesian Networks for creating probabilistic graphical model representing impact of 
interconnected nodes/ objects. 

• Text Mining to perform sentiment analysis of unstructured text. 

• Hidden Markov Models for speech, handwriting and gesture recognition. 
Latest development in big data analytics has also popularized big data in visual analytics tools 
such as facial recognition, soft biometrics and other future potentials. New discoveries in any 
analytical techniques may change the way how a decision based on data will be made. As an 
example, new combination between sentiment analytics and visual analytics analysis might 
lead into some new discoveries in behavioral predictions such as in prison or police lockup. 
Latest development in this new technology may become faster than the capability or speed 
for human being to adapt to its changes. As mention by Bumblauskas et al., (2017) “As data 
sets become larger, the scope and scale of big data will constantly grow and evolve”. This may 
create conflict in any data driven decision making with the evolution of the processes.  
 
Challenges Data In Driven Decision-Making 
Today’s challenging world, the fast demand and accurate decision either short, medium or 
long run is the act or process deciding something especially with a group of people. A decision 
is a choice made from among available (explicit or implicit) alternatives, and choosing a course 
of action lies at the heart of decision making. Decision quality is a measure of rationality of 
this choice (Gonzales and Kasper, 1999). 
 
Highlighting Salient Points to Reduce Argument 
 The used of big data in an organization will help it making accurate decision. In 
developing any organization strategic decision, it is important that evidentiary data with the 
support of analytics tools must be referenced to in supporting any organization’s rationale for 
any decision-making. He, Wang, and Akula, (2017) opines “to better manage extracted 
knowledge from the big social media data and derive more business value, there is also a 
strong need for forward thinking companies to build Big Data analytics capabilities”. The most 
common decision (Agrawal, 2014) help by analytics in a company are; Concept Development 
and Testing; Product Development and Feature Prioritization; Advertising Testing; Brand 
Strength; Preference and Perception; Customer Satisfaction and Loyalty; Marketing Mix 
Optimization; Pricing; Customer Segmentation; and Text Mining- Sentiment Analysis. 
There are various opinions either conflicting or argumentations which need to be address 
during the decision-making process. As noted (Frisk, Bannister, and Bannister, 2017), “for 
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them response time, response effectiveness, and the information and system needed to deal 
with the emergencies dominated. They were impatient with the processes and information 
demands that were deemed necessary by senior management, but which for them were are 
distraction”. To reach for a conclusion in environments full with arguments, any strategic 
planners in an organization have abundance of data and its tools at their hand to support or 
analyze any salient points in their discussion. 

  
Balancing Act to Irrationality 
The most expert decision-makers in real situation often experience the decision-making 
process, not as a moment of choice based on a rational evaluation of various alternatives, but 
rather as spontaneous action taken in conjunction with the demands of the situation based 
on previous experience from similar situation (Hedelin, and Allwood, 2006). Based on this 
statement, even the best decision makers can be bias and irrational in making big decisions. 
This where big data can play its role in reducing bias and irrational decision based on facts 
rather than feeling either for fast big gains or long term strategic decision making. As “people 
lie, data doesn’t”, any contrary arguments will be based on evidence as any strategists will 
endeavor its journey in drafting, planning and deciding their organization future. Even on such 
subjective evaluation on quality of services as stated by He et al., (2017), “they were able to 
decompose user reviews into five dimensions to measure hotel service quality, and the 
sentiment analysis results showed a high level of accuracy in capturing and measuring service 
quality dimensions”. However, in the end it does not radically eliminated any irrationality in 
making any decision but it will just reduce the possibilities.  
  
Supporting Choices and Alternatives  
The term “strategic decision-making process” was defined as non-routine decision process, 
usually with long term consequences (Hedelin et al., 2006). Data driven decision is much 
similar concept Information Technology (IT) and strategic decision making. In making a 
decision assisted by technology, the decision-maker understands of the choice and 
alternatives are supported by IT or analytics from big data in the construction of the decision 
alternatives. A proven few studies by López Barbosa, Sánchez-Alonso and Sicilia-Urban (2015), 
have looked at what services generate more positive opinions and sentiment analysis is well 
suited to this task”. It will also encourage transparency in decision making as stated by Massis 
and Massis, (2016), that capturing, analyzing and reporting decision based on data are 
indispensable to ensure a proper level of transparency”.  However, the main goal for 
computerized decision-support systems is to improve decisions quality. A prerequisite to this 
is that the senior executives really use computers (Gonzales and Kasper (1999). This is most 
common dilemma in today’s office environment where senior level officials tend to leave 
anything regarding his or her computer to their secretary. The main challenge is to get the 
buy-in from senior executive to learn and utilizes this new technology for the organizations 
advantage.  
 
Assisting E-Government Stakeholders 
“The future of modern welfare state is subject to the successful digitization of public services 
and administration” (Taipale, 2013; Saxena and Kumar Sharma, 2016). It is vital for big data 
to produce in any e-government services to be utilized for the good of the country. “What are 
the limits or potential, of big data in the public sector?” (Desouza and Jacob, 2014, p. 3). The 
biggest question is how big data will help stakeholders in making decision and how data driven 
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decision can be implied in the government services. “Challenges to the government vis-à-vis 
the analysis of Big Data in diverse context contingent upon several riders such as socio-
economic indicators, internal and external security, politico-legal landscape and the stage of 
globalization” (Saxena and Kumar Sharma, 2016). They added that in the end, the particular 
governments need to identify its need and user requirement in applying big data for decision 
making. “Further it will encourage civic engagement in decision making. While on the one 
hand, government will be apprised of the concern of the individuals and businesses, at the 
same time, government will be in the position to benchmark its policies and programs against 
these expectations. This would contribute towards greater engagements and participation, 
and better policies might be formulated in the future”. Either in the end, both the people and 
the government will benefit tremendously in making a people centric policy by using big data 
analytics in making decision.  
 
Conclusion 
 The changes that evolve in big data where it emerges with business analytics and 
becoming a powerful tool in modern days’ business and administration. Besides all of the 
changes happened, the main principle is still in using data to make better highly informed and 
rational decision, “as it is often said that information is power, and because data contains 
information, as therefore data is capable of giving power where Analytics is the endeavor 
which makes it possible to realize the true power of data” (Agrawal, 2014). In the nutshell, 
Bender and Fish, (2000); (Hedelin et al., (2006), “the transformation of data into information 
adds meaning, understanding, relevance and purpose. The change from information to 
knowledge can occur through the mediation of personal application, values and beliefs”. In 
the end, in a process of making a decision, data will only an added supplement and it will not 
supersede human values and beliefs in making decision. 
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