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Generation of data in the construction industry is increasing exponentially, becoming
bigger and varied due to the use of sophisticated devices. This is necessitated by the
call for automating the construction process. Getting valuable insights from data has
taken the centre-stage of digitalization in the business world, through big data
applications. Big data describes the application of advanced technologies to mine
insights from datasets to solve problems. Studies have recommended the benefits of
big data in the construction industry, though scanty, but cognizance is not given to
what it takes for the industry to realize to the fullest, the benefits of big data. This
study identified big data capabilities across different disciplines required in the
construction industry through a systematic literature review. Four major big data
capabilities thus organizational strategy, data, technology and people were identified
from literature through qualitative synthesis. The research was limited to peer
reviewed articles indexed in Web of Science and Scopus. The findings together with
antecedents of innovation from the Schumpeter’s theory of innovation led to
conceptualization of a process framework for big data capabilities in the construction
industry. The framework consists of antecedents to innovation, big data capabilities
and outcomes. The study addressed the gap of big data capabilities deficit in the
construction industry. Practically, the framework can serve as a guide for
construction organizations interested in adopting big data in their operations.
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INTRODUCTION

Data on construction projects are compiled as progress reports to brief stakeholders on
project performance (Omran, 2016). Subsequently, the report informs decisions about
the direction of, or changes on the project. Mostly, minute datasets are captured in the
report due to reporting templates and inability of stakeholders to process data. Unused
datasets becomes idle, occupy space and add-up to waste, though, insight from these
datasets can be mined for making well-informed decisions. Generation of data is on
the rise due to the use of sophisticated IT devices like sensors, surveillance devices
and drones (KPMG International, 2016; Han and Golparvar-Fard, 2017). Currently,
data is essential in decision-making and improving processes. Those benefits have
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made data an inevitable resource in firms, necessitating the introduction of Big Data
(BD) in the field of data management. In simple terms, BD is the application of
sophisticated information technologies to gain valuable insights from large datasets
(volume), generated at a faster rate (velocity) and in different format (variety)
(Manyika et al., 2011).

BD is intended to enhance business improvement, provided firms are competent and
capable to host and manage the BD technologies. Nonetheless, the scanty literature
have revealed benefits of BD in construction, cognizance is not given to what it takes
for the industry to realize to the fullest, the benefits of BD analytics. This study
presents a systematic literature review (SLR) on BD capabilities across different
disciplines required in the construction industry.

LITERATURE REVIEW

Schumpeter Theory of Innovation and Big Data

Joseph Schumpeter is one of the progenitors of innovation and economic growth
theories. Schumpeter theory of Innovation (Schumpeter, 1934, 2013), business cycle
(Schumpeter, 1939) and entrepreneurship (Schumpeter, 1939) are based in economic,
political and historical settings. The business cycle theory suggests firms experience
fluctuations such as depression and growth due to both internal and external drivers.
Nevertheless, firms’ ability to make changes to internal drivers through the theory of
innovations can lead to economic growth due to the influence of a leader with
entrepreneurial qualities. These theories focus on the life, economic growth and
production function of business entities.

A change in the production function, either marginally or wholly can improve a firm’s
economic performance (Schumpeter, 1934). It may include altering the quantity of
materials, new equipment, change in supply of commodities and adopting different
managerial strategies. These changes are termed as innovation. Impliedly, innovation
is adjusting operational routines with the purpose of improving efficiency. External
and internal drivers can motivate organizations to change its production function, but
Schumpeter theory of innovation considered internal factors. Because innovations are
not a response to the external demands but the need for change in firms (Schumpeter,
1934). In perspective, these drivers are within the control of the firm and affects its
production function. However, the authors believe external drivers also influence
process change in firms. Example is Revit and AutoCAD from Information System
(IS) discipline, which are external to the construction industry but impacted the design
of construction projects. Also, the effectiveness of BD in other sectors can motivate
the construction industry to revisit the poor handling of data. External factors are
included to the theory based on the aforementioned reasons. Schumpeter theory of
Innovation is used because BD application can improve construction processes and
economic growth of firms through the use of data. Furthermore, the theory becomes
instrumental in understanding the antecedent for BD applications in the construction
industry.

Generally, the use of sophisticated devices and the inability of traditional data analytic
technologies to process voluminous and variety of datasets are the main drivers for
BD applications (Oracle Corporation, 2014). The construction industry is using
sophisticated devices to generate voluminous datasets like videos and images, which
traditional technologies are incapable of processing. The internal drivers for BD
application in the construction industry include the demand for changes in data
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management, use of sophisticated devices, innovations and the need for data-driven
management of the construction process. The benefits of these changes are pushed
down to customers (Schumpeter, 1934, 1939). Process improvement experienced in
healthcare (Wang and Hajli, 2017) and business processes (Wamba et al., 2017). As
well as pressures from project environment as witnessed from BIM (Dainty ef al.,
2017) can motivate the construction industry to explore BD application.

Dynamic Capabilities (DC) and Big Data

The datasets and BD technologies constitute BD application. Drivers for BD
application were identified through the Schumpeter theory of innovation, albeit, it is
essential to identify the capabilities required for its implementation. Eisenhardt and
Martin (2000, p.1107) defined DC as

...the firm’s processes that use resources - specifically the processes to integrate,
reconfigure, gain and release resources - to match and even create market change...

The definition emphasized the aptness and ability of firms’ to respond or make
changes in the business environment. Gradually, the construction industry is
becoming data driven, requiring firms to adopt processes capable of addressing data
mismanagement. Capabilities are developed to enable firms to improve its processes
to be competitive in the market (Wamba ef al., 2017). Processes, position and path
are the essential elements in defining capabilities needed in firms (Teece et al., 1997).
Processes involve the integration of activities, learning and experimenting to know the
best and quicker way of reconfiguring and executing tasks to meet the dynamism in
the market. Position comprises of the processes and assets of the firm including
technological, financial, institutional, firms’ boundaries and the market. Path involves
the past, present and future opportunities available to a firm by assessing the firm’s
competence and capabilities. Eisenhardt and Martin (2000, p.1106) made three
observation of DC. Firstly, DC is adopting the “best practices” common amongst
similar firms. Secondly, DC involves the manipulation of firms’ resources to achieve
new value. Thirdly, DC is developed in response to market dynamism. The firm’s
resources in that context are reorganized and reconfigured to respond to the changing
environment (Gajendran et al., 2014). For example, the business world is witnessing
technological advancement like BD analytics which requires the manipulation of
firm’s resources or outsourcing to achieve data-driven management.

The combination of the essential elements of DC thus processes, position and path
indicate that sources of data, BD infrastructure, BD analysis and the value from data
are the basic capabilities derived from the definitions of BD. Discussing further the
essential roles and relevance of the aforementioned components point to the
capabilities required to exploit them. Amit and Schoemaker (1993) described
capabilities as the ability of a firm to achieve its intended goals through judicious use
of resources. Developing capabilities in firms tend to be inspired by demand from
clients, paradigm shifts in the industry, external innovators and the firms desire to
affect change by addressing challenges. Scholars from other disciplines have explored
capabilities needed to run an effective and efficient BD (Mneney and Belle 2016)

and BD analytics (Gunasekaran et al., 2017). Different variables were considered in
the various scholarly pieces albeit the authors believe all the variables can be
subsumed into organizational strategy (Organization), BD infrastructure
(Technology), Data and People (BD analyst). Through organizational capabilities, the
BD analysts process the datasets using the big data technologies to produce
knowledge. Meanwhile, these knowledge become irrelevant until management
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experience is applied to understand, decode and interpret the knowledge in improving
business value (Bradlow ef al., 2017). The decoded knowledge assist management in
decision making, improving the competitive advantage and processes of firms
(Wamba et al., 2017). However, the relevance of these constructs in construction is
still indeterminate and to get a better understanding we have adopted a SLR
methodology to develop a theoretical framework.

RESEARCH METHODOLOGY

SLR is conducted to form the basis for new research, identify research gaps and
provide summary evidence of existing scholarly works in a discipline (Santos and Da
Silva, 2013). SLR is used in this study to identify BD capabilities in literature, which
can be further explored in the construction industry. The research question (RQ) for
the study is, what are the capabilities required for the adoption and implementation of
Big Data? The key terms in the RQ became the search terms as shown in Figure 1.
Scopus (362) and Web of Science (228) databases were searched. The time period
span from the creation of the databases to 3™ January 2018. The downloaded citations
and articles were managed and processed using Endnote X8. In all 590 articles were
downloaded from the two databases as shown in Figure 1. The PRISMA flowchart
(Figure 1) illustrates the processes involved in a systematic literature review to screen
and select eligible articles for final extraction and analysis (Moher ef al., 2009).

Databas Searched terms m— Records identified through Additional records from other sources (n = 2)
BD and Capabilities and Implementation | 281 database searching (n = 590)
Scopus| BD and Competence and Implementation | 12
BD and Capabilities and adoption 64 )
BD and Competence and adoption 5 [ Records after duplicates removed (n =376) |
BD and Capabilities and Implementation | 178 .
Record luded with :
WoS | BD and Competence and Implementation 7 Ecelf:or.sltzxcuk € hWI reafc;r;)s
BD and Capabilities and adoption 40 ‘ Records screened (n = 388) t['zr[a, olo s:bot ers (n =20)
Reading tit. tract =299,
BD and Competence and adoption 3 eading title/abstract (n )
Total 590 ieation:
ot [ Full-text articles assessed (n = 37) —| 1¥Pes of publication:
Journal article (n =17)
Conference article { n = 20)

Studies included in qualitative
synthesis ( n =37)

Figure 1 PRISMA flowchart and databases searched

Duplicates and articles not written in English were removed from the Endnote as well
as editorials, books, book section. The included articles for qualitative synthesis were
peer-reviewed conference and journal publication because high level research findings
are disseminated through those medium. Articles on general Information systems and
general reviews were excluded after reading the abstracts. Finally, thirty-seven (37)
articles were further synthesized according to the classification - organization, data,
technology and people - as indicated in earlier sections.

RESULTS AND DISCUSSION

Organizational strategy, data, technology and people were identified under the DC
section of the study. The four capabilities were further decomposed after reviewing
the thirty-seven articles (Table 1). Some of the selected 37 articles have not been
included due to page restriction. The capabilities are discussed below:

Organizational strategy: Firms are required to respond to internal and external
changes. The capacity of the firm to run the BD system is ingrained in its functions.
Changes can happen in firms provided management shows its commitment (Table 1).
For instance, top management commitment significantly influences the acceptance of
BD predictive analytics in firms (Gunasekaran ef al., 2017). Apparently, it is easy to
demand change but implementing change can fail abysmally due to individuals’
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reluctance. Nevertheless the business agility and the culture of the firm can facilitate
the rate of adoption or acceptance. Investing in the BD system cannot be ignored
since it involves monetary commitment from firms. The combined efforts of
investment, commitment, culture and business agility as well as external factors
inform firms to sanction research and development goals, which subsequently leads to
innovation in a firm or industry.

Table 1 Big Data capabilities

Capabilities Decomposed capabilities References
Real time data devices
(sensors) Swan (2013); Intrieri et al., (2017); Lee and Tso (2017)
Avwailability data Gupta and George (2016)
Data Structured and unstructured Leyens ef al., (2017)
Data quality Adrian et al., (2017); Kim and Park (2017)
Data standardization Kim and Park (2017)
Managerial (Business) skills Wamba et al., (2017); Gupta and George (2016)
People Kim and Park (2017); Wamba et al., (2017); Gupta and
Technical skills George (2016)
Real time data processor Liu et al., (2014)
Mneney and Van Belle (2016); Intrieri ef al., (2017);
Big data infrastructure Moyne and Iskandar (2017); Wamba et al., (2017); Bisson
(Hadoop, fault detection etc.) etal., (2016);
Scalability Vargas-Perez and Saeed (2017); Ghit ef al., (2013)
Borkar et al., (2016); Istephan and Siadat (2016);
Technology Query capabilities Papakonstantinou (2016)
Data mining techniques Boehm ef al., (2016); Kopczynski ef al., (2017)
Analytics capability
(analytical, traceability,
predictive Kim and Park (2017); Wang and Hajli (2017)
Data privacy and security Adrian et al., (2017)
Visual analytics Jayasingh et al., (2016)
Hallman et al., (2014); Chen ef al., (2015); Coleman ef
al., (2016); Mneney and Van Belle (2016); Kim and Park
Organization Management support (2017)
strategy

Data: Processes in firms generate data.

Financial resource

Data-driven culture

Adrian et al., (2017); Kim and Park (2017)
Gupta and George (2016); Kim and Park (2017)

Overtly, identifying the what, how and where

data can be found is a required BD capability. The first step in data capabilities -what
- relates to the forms of data generated and gathered to solve an essential matter.
Wenger and Sinha (2013) indicated that the data collected should conform to the
firm’s strategy. Tacitly, the data should be consistent with the expected outcome and
possibly have a standard format, whilst there might be the possibility of having
unstandardized data. For example, it is possible to have email communications not
following a standardized format, unlike issuance of receipts on transactions. The
second issue in data capabilities (how) deals with the manner of generating data. It is
during this stage that data generating and capturing technologies (DGCT) takes the
centre-stage. DGCT includes sensors, smart devices and unmanned aerial vehicles
(Table 1). There is not much difference between what and how. It is important to
note that these require firms’ commitment to invest in DGCT. The last step critically
looks at where data is generated in the firms’ processes. For instance, Han and
Golparvar-Fard (2017) used unmanned aerial vehicles to capture images and videos of
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activities during construction. Succinctly, the business strategy towards the adaption
of BD focuses on the firms’ processes which needs serious improvement. An example
in the construction industry can be on the construction supply chain, because of the
fragmentation of the construction industry which is believed to have a negative effects
on the performance of the industry. Though, all the steps in these capabilities are
equally relevant but the where to get the data, perhaps dictates the other steps.

Technology: the centrality of the BD buzz is using IT infrastructures, which have the
capacity to handle volumes of data unlike the traditional ones. Different
infrastructures are made available by developers of BD analytics, such as Apache and
Hadoop Spark (Table 1). The adapted platform should commiserate and compatible
with the data gathered. The technology capability comprises of the hardware and
software to manage the datasets (Kim et al., 2011). Wamba et al., (2017) added that
the BD technology have to be compatible to the firms’ operations. The ability to
apply machine learning techniques to the datasets should be an essential feature of the
technology. Examples include using both supervised and unsupervised machine
learnings for the purposes of clustering and classifying both structured and
unstructured data. The presentation of the knowledge generated through the data
analysis process like visual analytics is also vital in having a robust technology
(Jayasingh et al., 2016).

People: The implementation of the BD is meaningless if there is no BD expert in the
firm. The competencies of the analyst should include technical knowledge,
technology management skills, business and relational knowledge (Table 1). This
capability might be outsourced, however firms can have an in-house personnel with
expertise in managing the BD technologies. The ability of the BD experts to
understand the construction processes together with the BD knowledge is an added
advantage.

The Integrated Big Data Capabilities Framework

Figure 2 illustrates a holistic framework comprising of drivers of innovation
(Schumpeter), BD capabilities (DC), experience and expected outcome on BD
analytics in the construction industry. BD applications are highly spoken of in the
data management literature and among managers.
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Figure 2 Integrated Big Data capabilities framework

There is a school of thought on whether or not, BD takes the role of managers in
making strategic decisions. Bradlow et al., (2017) argued that BD cannot replace the
role of managers but a complimentary tool to assist managers. Further, the research
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revealed that managers need to rely on theory to identify latent variables in spite of the
overwhelming volume of data. This makes it easier for managers to seek for the
essential insight needed in a time period rather than being “led astray” by the data.

Figure 2 proposed an integrated framework comprising of Schumpeter theory of
innovation and BD capabilities discussed in an earlier section of this paper.
Schumpeter theory of innovation argues that innovation in organizations are motivated
by two main drivers - internal and external - but the theory focused on only internal
drivers of the firm, which leads to changes in the economics of an entity. The
assumption of innovation includes the setting-up of new plant and equipment; new
entity for a specific purpose; a leader to lead the change (Schumpeter (1939); and new
source of raw material supply changing the production function (Schumpeter (1934).
Importing ideas and products from one industry to the other - IT devices from IS to
construction - is an innovation. The acceptance and success story of innovation
encourage competitors to explore its usefulness. Technological advancement in the
construction industry like BD contributes to changes in the managerial function of
production in an economic entity. Albeit, the construction industry does not
necessarily have to set up new entity to make changes as assumed by Schumpeter
(1939).

The internal drivers - innovation, sophisticated devices, data management and data-
driven management - are motivation for construction firms to use BD (Figure 2).
Sophisticated Devices used in the automation of construction generate voluminous
and varied real time and secondary datasets which are difficult to process using the
traditional data analytic technologies. Moreover, the construction industry do not
necessarily mine datasets for improving its processes but store these data as evidence
for litigation purposes.

Having data-driven culture can motivate construction firms to use BD in predicting
profit margins, overheads and contingency sums for project and alternative ways of
reducing the duration and cost of projects. Externally, the impact of BD in other
sectors to improve its processes becomes an incentive to use BD in construction.

The identification and strengthening of the four capabilities (Table 1) are expected to
make construction firms proficient to use BD. Knowledge is produced after the BD
experts process the generated datasets in the BD technologies. Knowledge becomes
useless if it is not decoded and interpreted to solve organizational problems.

Therefore the success of the BD also depends on management ability to comprehend
the knowledge generated from the datasets. This informs the decision to introduce
management experience as a critical factor in the theoretical framework above. The
application of management experience on the produced knowledge can assist in
decision making, improve construction processes and make organizations competitive.

CONCLUSION

Drivers and capabilities are two most important factors needed to adopt and
implement BD application in the construction industry. The generation of exponential
volume of data continue to edge firms to adopt advance data analytics like BD
application to mine valuable insights to the benefits of the firm. The study identified
four BD capabilities - data, technology, organizational strategy and people - from the
perspective of dynamic capabilities through a SLR. These capabilities together with
drivers of innovation (Schumpeter theory of innovation), experience and expected
outcome of BD analytics led to the development of an integrated framework for big
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data capabilities. This study has highlighted the gap of BD analytics capabilities
deficit in the construction industry. Practically, the framework can serve as a guide
for construction organizations interested in adopting big data in their operations.
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