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Abstract — This paper reports on our review of published
research relating to how teams work together to execute Big
Data projects. Our findings suggest that there is no agreed
upon standard for executing these projects but that there is a
growing research focus in this area and that an improved
process methodology would be useful. In addition, our
synthesis also provides useful suggestions to help practitioners
execute their projects, specifically our identified list of 33
important success factors for executing Big Data efforts, which
are grouped by our six identified characteristics of a mature
Big Data organization.
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1. INTRODUCTION

Current Big Data research has typically focused on
improving data models and algorithms, but not on
understanding the best approach to execute projects [1] [2].
Furthermore, it has been noted most teams that do big data
work in an ad hoc fashion, using trial and error to identify
the right tools, that is, at a low level of process maturity [3].
Hence, not surprisingly, it has been reported that an
improved process model would result in higher quality
outcomes [4]. Furthermore, it has also been reported that a
project management methodology from a related field, such
as software development or operations research, fails to
address specific big data challenges [2]. Hence, there is a
strong need have a methodology specifically for Big Data
projects. Among the reasons for needing a Big Data specific
methodology are that big data projects are often exploratory
in nature, have business requirements that are often are not
clearly specified, and that the results can be challenging to
validate [2].

However, there has been little reported on potential team
process methodologies that could be used for Big Data
projects, and what has been reported is scattered across
numerous conferences and journals. Due to this, there is no
coherent review and analysis of the work that has explored
big data project methodologies. To address this gap, this
paper reports on a review of previously publications with
respect to how teams execute big data projects.

Specifically, we assessed 10,028 Big Data (or data
science) related papers published at recent conferences and
journals. The aim of our study was to synthesize the
currently reported research on process methodologies for
teams executing Big Data projects. Specifically, we focused
on two research questions:
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RQI1. What are the current approaches to plan, organize
and perform big data projects?

RQ2. What are the issues and actionable insights that we
can synthesize from our literature analysis?

II. BACKGROUND

Existing approaches for describing how to execute a data
project have often focused on the steps a team should take,
such as preparation, analysis, reflection, and dissemination.
These models include CRISP-DM [5] and SEMMA [6].
However, their usage is decreasing [7] [8], in part because
these approaches do not provide a view on communication
management, knowledge management and project
management [1]. Related to this, Espinosa and Armour [9]
noted that the main challenge for data projects is task
coordination and a recent Gartner report advocates for more
careful management of analysis processes, though a specific
methodology is not identified [10].

Without a robust methodology, teams are overly
dependent on the experience of their senior data analytic
leaders. This lack of robust team-based methodology is
similar to how software was developed in the late 1960’s,
which caused significant issues during the first wave of
software development [11]. For example, it has been
reported that three quarters of corporate business intelligence
projects fail due to poor communication [12]. Demonstrating
this lack of success for big data projects, Kelly and Kaskade
[13] surveyed 300 companies, and reported that “55% of Big
Data projects don’t get completed, and many others fall short
of their objectives”. While there are many reasons a project
might not get completed, with a robust team-based process
methodology, one would expect many of those reasons to be
identified prior to the start of the project, or to be mitigated
via some aspect of the project execution and/or coordination
methodology.

III. METHODS

A. Systematic Literature Review

A systematic literature review (SLR) is a way of
identifying, evaluating and interpreting research relevant to
a particular research question, topic area, or phenomenon of
interest, using a research method that is reliable, accurate
and facilitates auditing [14]. Our efforts to summarize
existing research and to identify gaps in current research
with respect to the process and methodologies teams use to



execute Big Data projects followed the SLR guidelines
outlined by Kitchenham [15].

B. Sources

The first step in doing an SLR is to describe the strategy
used to conduct the search for published articles. In our
case, to identify relevent articles, we used both manual
searches of specific journals and conferences proceedings as
well as automatic searches of electronic databases.

1) Manual Search of Selected Publications

With respect to the manual search of conference
proceedings and journals, the SLR on which we report was
conducted on the papers published in top tier conferences
and journals within the information systems, data science,
big data and business intelligence fields. Since Big Data is a
new field, we focused our manual search on the two most
recent years (2014 and 2015).

The conferences and journals were selected according to
the four criteria: description (scope), subject area, subject
category and SRIJ ranking. Journals with a priori very
technical content were excluded, e.g. IEEE Transactions on
Information Theory.

In all, as shown in Table 1, six conferences and thirty-
three journals were included in the manual part of our
literature review.

Systems
Journal INFORMS Journal on Computing
Journal Journal of Operations Management
MIS Quarterly: Management Information
Journal
Systems
Journal Journal of the ACM
Journal Enterprise Information Systems
Journal Operations Research
Journal Artificial Intelligence
Journal Information Sciences
Journal Research Journal of Information Technology
Surveys in Operations Research and
Journal ;
Management Science
IEEE Transactions on Knowledge and Data
Journal . .
Engineering
Journal IEEE Transactions on Big Data
Journal Big Data
Journal Data Science Journal
Journal EPJ Data Science
Journal Journal of Big Data
Journal Journal of Data Science
Journal of the Association for Information
Journal .
Science and Technology
Journal Intelligence and Analytics
Journal IEEE Intelligent Systems
International Journal of Technology
Journal
Management
Journal IEEE Internet Computing

TABLE 1. Sources for the Manual Literature Review

Source Name of Journal / Conference 2)  Online Search Strategy
Conference | IEEE Big Data . ) )
Conference | IEEE Big Data Congress In addition to the conferences and journals noted in Ta.lb.le 1,
Conference | Data Science and Advanced Analytics a Google Scholar search was employed to get additional
International Conference on Information relevant papers. Table 2 shows the five different Google
Conference Systems Scholar searches that were used to identify additional
Hawaii International Conference on System papers. The search terms included both “big data” and “data
Conference Sciences science” as well as topic areas such as “process
Conference Americas Conference on Information methodology””, “team goordination” and . “proje.ct
Systems management”. Note that since the field of Big Data is
Journal Journal of Information Technology changing rapidly, we focused our analysis on papers
Journal | European Journal of Information Systems published after 2010.
Journal Information .Processing and Management,
Scientometrics Source | Search Terms
Journal International Journal of Information Google | "big datg" +"process methodology"
Management Google | "data science" +"process methodology"
Journal Annual Review of Information Science and Google | "data sci;nce" +"team.c00rdinati0n"
Technology Google ("data. sm@nce" OR "big data") AND "team
Journal Info.m.lation Technology and People, coordination"
Decision Support Systems Google "data science" +"project management"
Journal | Communication of the AIS TABLE 2. Sources for the Online Literature Search
Journal of Management Information ) o
Journal Systems C. Selection Criteria
Journal INFORMS Management Science
Journal INFORMS Information Systems Research Three criteria were derived to select the papers that,
Journal Journal of the Association for Information taken together, could provide the current state of the

published literature that addressed our research questions.




The first criterion was focused on if the paper discussed the
process (or methodology) the team used to execute the
project. In other words, was there a discussion on how the
project team worked together and coordinated their tasks, or
in general, collaborated on the project? This criterion was
also useful to identify papers describing best practices
making valuable suggestions to data science teams about
how to run their Big Data projects. Some steps of the big
data project might be very challenging and a special
methodological approach might need to be provided and,
therefore, the second criteria was focused on the lifecycle (or
phases) of the project, in that we searched for papers that
discussed one or more phases of the project (including items
such as quality assurance and data cleaning). Papers falling
into this category could provide valuable insight about the
most challenging steps of the big data project such as data
preparation, quality assurance, etc. We also identified if there
was a description of a phase, perhaps pointing out a best
practice (such as planning or time spent in a specific phase of
the effort). Papers about algorithms and other technical
aspects of the phases were not counted as papers falling into
the second criteria. The third criterion was if a paper was
focused on the maturity and/or the key factors that help drive
the success of a big data project. Integrating knowledge from
multiple studies about maturity levels and success factors
could provide data scientists with a systematic view on what
are the important factors that should be focused on to help
ensure the successfully execution of a Big Data project, note
that these factors might be based on the characteristics of the
organization or the project.

In addition, we only included publications that were in
English, and as previously noted, we explored papers
published after 2010.

D. Selection and Coding Process

The selection and coding process was comprised of four
steps, which were adapted from [14].

Step 1: An automatic search was performed, based on the
search criteria defined in Table 2. The results were initially
assessed by their title and abstract. The studies considered
possibly relevant to the context of our research were selected
for additional review.

Step 2: A manual search was performed in journals and
conferences proceedings previously identified in Table 1.
We focused our review on the journals and conferences
published in 2014, 2015 and, where possible, 2016.

In terms of our process, first, for the more general
conferences, a quick review of the conference determined
which tracks might have relevant papers and all papers in
those tracks were included in the review. For the big data
focused conferences and our identified journals, all papers
were included in our review.

Step 3: In this step, the papers identified in Step 1 and
Step 2 were assessed via a coding methodology. The coding
of the selected papers was a collaborative process as
described by Saldana [16]. For each of the identified papers,
two researchers coded each paper to determine if the paper

discussed any of the criteria previously mentioned. The
coders focused on the introduction and conclusion sections,
but the coders could read other sections if deemed
appropriate.

If there was a discrepancy, a third researcher made the
final decision. Overall, the two reviewers agreed 96% of the
time, which is above the minimum percentage of 85%
suggested by Saldana [16]. This suggests that the process
was robust and repeatable. The studies considered relevant
were selected for a detailed review in step 4.

Step 4. For the papers that were determined to be
relevant via the coding of process just discussed, additional
detailed analysis was performed. This detailed analysis
included identifying possible methodology best practices
documented in each of the identified papers.

E. Identified Papers

In total, 10,028 papers were identified from our initial
review of the targeted conferences, journals and Google
Scholar search output (i.e., steps 1 & 2). Specifically, 1,645
papers were identified via our Google search, 3,651 were
identified from conference proceedings and 4,732 papers
were identified from the targeted journals. During step 3, the
10,028 papers were reviewed and 92 were identified as
relevant (0.9% of the papers identified). An in-depth review
of these 92 papers was then conducted (in step 4) and 42
papers were identified to be most relevant. As shown in
Table 3, eighteen of the papers focused on the process the
team used (or should use), seventeen of the papers discussed
the project phase or lifecycle, and seven papers discussed
maturity models (and/or critical success factors for doing a
Big Data project). Note that for Google search Table 3
represents papers discovered by Google search only and does
not show studies that were discovered in manual search.

Source Process Phase Maturity
Conferences 12 16 4
Journals 0 0 1
Google 6 1 2
Total 18 17 7

TABLE 3. Summary of Papers Reviewed in Step 4

IV. FINDINGS

In this section, we summarize our analysis of the 42
papers identified during our review. Table 4 shows the
papers identified, grouped by how we identified the paper
and the focus of the paper (note that the numbers in the table
represent the reference number for the paper).

Conference Journal | Search
Process & Phase [2] [17] [24] - -

[25] [28] [30]

[31][32]
Process [1] [38] [46] -- [19] [20]




[47] [21] [22]
[50] [51]
Phase [18] [26] [27] -- [52]
[29] [34] [35]
[36] [40]
Maturity [42] [44] [48] | [43] [39] [41]
[49]

Table 4: Identified Papers

A. Recent Growth

First, it is interesting to note that this topic is starting to
become discussed more frequently. Figure 1 shows the
number of papers returned from the Google Scholar search
as well as papers identified via the manual search. As one
can see, there is a growing interest in the methodological
aspects of big data projects (note that 2016 was not shown in
the chart, due to only obtaining a partial view of 2016).
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Figure 1: Trend of Relevant Articles

Taken together, this suggests a growing interest in this
domain of study, and this trend is also born out by the fact
that the first workshop on this topic was held in 2015'.

B. Team Process Insights

The key insights, with respect to team process, are
described below and include the need for a process, the key
process attributes (such as iterative process model) needed
within the process and the need for effective team
communication.

1) The need for a Process

There is a growing recognition that projects need to focus
on people, process and technology, not just analytics [17]
[18] [19] and that a methodology would be useful [1].
However, it has been noted that two well-known Data

! http://www.midp.info/2015-workshop.html

Mining models, CRISP-DM (Cross-Industry Standard
Process for Data Mining) and SEMMA (Sample, Explore,
Modify, Model, Assess), might not be suitable for Big Data
projects due its four V’s [20].

In terms of the actual process methodology, it has been
shown that Agile-like methodologies have several
advantages over traditional waterfall-like methodologies [19]
such as early time-to market, good collaboration, early risk
revealing through iterative development [21]. Due to this,
agile methodologies are starting to be discussed, such as an
Agile-BI methodology [22]. However, in an experiment
using multiple agile methodologies, it was shown that some
agile methodologies might be better than other
methodologies [23].

The goals of such a process methodology could be to
improve coordination with others, ensure quality, ensure data
ownership (as well as security and privacy), analyze
requirements, prioritize requirements and enable analytical
solutions to be deployed [2]. With this in mind, at least some
managers are open to establishing a project methodology, but
might not think of doing it unless prompted [24].

2) Process attributes

A critical success factor for executing Big Data projects
is to use an iterative process model [17]. Saltz and
Shamshurin [24], note that the process might be different for
different phases of the project, perhaps with a more waterfall
like data collection phase followed by a more iterative data
analysis phase. In a similar finding, Vanauer [25] presents a
waterfall-like workgroup ideation process, and then a phase
to help determine the cost-benefit of the proposed project
(i.e. the value of data and the data analytics). Furthermore,
multiple process models might be needed and selecting the
appropriate process model might be based on project
attributes such as project clarity and complexity [1] or the
type of project, such as a data driven or a question driven
project [25]. Finally, it has been suggested that the
methodology should include organizational capacity
assessment and capacity building [26].

Another key suggestion is classify a project according to
its difficulty (complex or simple) and clarity (clear or
ambiguous) at the early stages of the project [1], which
would allow different methodologies based on these
characteristics. A domain dependent framework to carry out
two types of projects (complex and ambiguous, simple and
clear) was proposed in [1] that might be extended to other
domains.

3) The need for effective communication

Effective communication is one of the key success
factors for a Big Data project. For example, frequent dialog
with senior management has been noted as being very
important [24].

Gao, Koronios & Selle [17] note that an additional
critical success factor for executing a big data project is to
include multidisciplinary teams. Hence, a cross functional
team might be needed to get maximum benefit from Big
Data project [20]. This team might consist of people such as
IT experts, scientists and business decision makers.



However, multifunctional, often distributed, teams increase
organizational complexity and increase the need for effective
communication. In addition, collaboration with extended
teams, such as IT departments, might require additional
effort and may delay the overall project progress [27].

This suggests that a well-defined team process could be
beneficial as it could drive proactive behavior and increase
effective communication [1]. One advantage of a robust
process is that it would typically improve group
communication. Another way to improve communication is
to implement a rotation program to increase the team’s
breadth of knowledge [1].

C. Project Execution Insights

The key insights, with respect to project execution, are
grouped below by suggestions that could be used across all
phases, and phase specific insights.

1) Suggestions across the entire project

Using a process based on CRISP-DM, Asamoah &
Sharda [28] propose guidelines for each phase (ex. how to
clean and validate data). While the guidelines are specific to
one domain, these guidelines could likely be generalized. In
addition, one could measure big data competence in each
phase of the data life cycle (collection, store, process and
disseminate), rather than just focus on the analytics phase
[29].

In addition to these suggestions, some key challenges that
have been noted include how to mitigate error propagation
and data uncertainty, and more generally, how to measure
accuracy [30]. Hence, there is a need for mechanisms to
evaluate the validity of the results [31] (El-Gayer & Timsina,
2014) and ensure the analytical results are presented in an
appropriate format for the end-user [31] (El-Gayer &
Timsina, 2014).

2)  Phase specific insights

Several efforts focused on a specific phase of the project.
For example, the first step in a research project should be
getting clarity about the purpose [32] (Das et al, 2015) and
understanding the business objectives [33].

To structure and formalize business requirements for Big
Data projects, Priebe and Markus [34] present an integrated
methodology that links business concepts with data via a
business information model.

In a different requirements suggestion, Di Tria [35]
describes a data storage requirement phase that includes
defining strategic goals, decision goals (to answer how
strategic goals can be satisfied), and information goals (to
answer decision goals). In addition, Corral [27] proposes a
methodology for model formulation and retrieval, including
a Model Management Warehouse that supports the
methodology. In a related requirement analysis effort, a
business requirement model, which is based on an extension
of CRISP-DM, is suggested that includes determining

business objectives, assessing the situation, determining the
data mining goals and producing a project plan [33].

Other phases were also discussed. For example, a
research phase has been suggested to understand how similar
business problems were solved by other companies and
scientists and to determine if a team’s current IT
infrastructure could support the data analysis methods
required for the project [20]. With respect to analytical tools
and models, an analytical governance framework could be
useful. Such a framework could include data, IT, analytics as
well as a results-sharing governance capability [36].

One noted benefit of defining specific phase standards is
that a standard for data pre-processing could unify data
gathering and integration, and a standard for data mining
postprocessing could unify the models deployment [37].
Another benefit could be that a reference architecture, that
leverages CRISP-DM for the analytical layer, could create a
template for other organizations to use [38].

D. Maturity Levels and Success Factors Insights

Data science maturity describes how effective
organizations employ their tools, people and other resources
to manage and analyze data for the purpose of informing
business decisions. Organizations with a high level of
maturity run their projects holistically, with checks, feedback
loops and mechanisms for improvement [39].

With respect to using maturity levels, Studer and
Leimstoll [40] provide a step-by-step analytics process that
takes into account the organization’s analytics maturity
across capabilities, culture and technology, in other words,
they suggest that the steps executed should be a function of
the organization’s Big Data readiness and Booth [39]
discusses some initial ideas with respect to maturity levels
specific to Big Data. Other papers explored maturity models
in related areas such as analytics and business intelligence
[39] [41].

A related concept is that of critical success factors — what
could an organization do to improve their chance of
delivering a successful project. It has been noted that there is
no single factor defining the success of the project, but
rather, there are multiple such factors [42]. Others have also
studied success factors [41] [43] [44] [17] [45] [1] .

Integrating these suggestions, several characteristics of a
mature organization running Big Data projects were
identified:

* Data (ability to store and access appropriate data)

*  Governance (well defined roles and responsibilities)

*  Process (using a formal methodology such as Agile)

*  Objectives (with measurable KPIs)

¢ Team (skills in data-driven decision-making)

* Tools (to enable data-derived insights)

In addition, Table 5 shows an integrated view of these
documented success factors, grouped by the previously
identified characteristics of a mature organization. This table
is extension of a CSF framework suggested by [45] in which



three major groups of CSFs were identified: people, process
and technology.

Data

* Data & data quality management / ownership
* Data Integration & Security

¢ Unstructured/structured data

* Representativeness of data

* Document collection/access to sources

Governance

* Management priority / sponsorship / support

* Big Data strategy alignment (with organization’s vision)
* Project management process defined

* Well defined organizational structure

* Performance management

¢ Data protection and privacy by design

* Culture of being Data-driven

Process

* Close collaboration between IT and business

¢ Communication about the data and initiatives

* Flexibility and agility, with freedom for experimentation
* Focus on change management

* Project difficulty explored and communicated

* Clarity of project deliverables (clear or ambiguous)

Objectives

* Focus on small projects and known questions

* Specified business case

* Feasibility study

* Skill gap analysis

* Well defined scope — that understood by the team
* Measurable project outcome

Team

* Development of skills / training

* People skills & ability to self-organize when needed

* Data science, technology, business & management skills
* Multidisciplinary team (i.e., across different departments)
* Stakeholder coordination / shared understanding

Tools

* Investment in IT infrastructure, technology & tools
* Investment in data sources & data storage

* Reporting and visualization technology

* Discovery technology

TABLE 5. Success factors for Big Data Projects

V. CONCLUSION

This paper reports on a comprehensive review of the
recent publications relating to the methodologies teams
should use to execute Big Data projects. While there has not
been significant research in this field, we note that the
number of papers related to this domain has recently
increased substantially, from seven in 2014 to twenty-three
in 2015.

The contribution of the paper is in the following three
outcomes. First, we identified the most valuable papers with
respect to how to execute Big Data projects using a three-

criterion based framework to identify Big Data methodology
related papers. Second, we synthesized the knowledge from
these studies. Our findings suggest that there is currently no
agreed upon standard for executing these projects and that an
improved process methodology would be useful. Our third
contribution is an integrated set of success factors to help
practitioners execute Big Data projects. Specifically, we
defined thirty-three success factors, grouped by the six key
project characteristics.

Finally, there were areas of research that did not show up in
our review. For example, we saw no experiments comparing
the effectiveness of how teams operate using different
methodologies. In addition, while some case studies were
identified, a clear next step could be additional case studies.
Yet another next step could be to prioritize, refine, and
validate our list of identified success factors. Finally, all
CSFs can be ranked according to their importance for the
project’s success.
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