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Abstract. Data is a key component of smart manufacturing coming from various
sources and in different forms. The amount of data produced in the
Manufacturing Data Life Cycle (MDLC) could be vast and remain useless if not
processed and mapped into information that is understood by users. Because of
the data volume, velocity, variety, and veracity, it is not feasible to expect humans
to analyze it using traditional manufacturing tools; business analytics solutions
provide more efficient means. In this paper, first, we aim at identifying the latest
research areas and trends of business analytics (BA) in the production
management (PM) literature using text mining, bibliometric mapping, and visual
analytics. We discuss the related research gaps, BA challenges and problems and
give suggestions for possible BA applications and future research directions.
Second, we selected the performance management and decision-making cluster
for presenting a real-world case and we applied MDLC as a framework. The case
study presents a big data analytics performance monitoring system from a multi-
product refinery.

Keywords: business analytics, production management, Manufacturing Data
Life Cycle, data-driven decision making, performance management.

1 Introduction

Data is a key component of smart manufacturing coming from various sources and in
different forms. The amount of data produced in the Manufacturing Data Life Cycle
(MDLC) could be vast and remain useless if not processed and mapped into information
that is understood by users. Because of the data volume, velocity, variety, and veracity,
it is not feasible to expect humans to analyze it using traditional manufacturing tools;
business analytics solutions provide more efficient means. The “information age [1]”
has laid the foundation of information technologies, that capitalize on manufacturing
data for business analytics and process monitoring. Smart manufacturing however
delivered the supplementary technologies that were required to handle data in larger
quantities, from diverse sources and in disparate formats and to accomplish
significantly more complex data transformations and analysis for more responsive
decision making. There are numerous challenges related to data driven performance
monitoring: vast quantity of data, diverse sources, questionable data quality, ongoing
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use of legacy systems and the absence of strong analytics culture. This latter means that
data is not perceived as a core asset of the organization, senior management is not
leading the organization to become more data-driven and analytical, and the
organization is not using analytical insights to guide strategy [2]. We examine how the
new business analytics technologies, and a strong analytics culture could contribute to
production management, performance monitoring and performance improvements in
the manufacturing environment.

In this paper, we have two goals. First, we aim at identifying the latest research areas
and trends of business analytics (BA) in the production management (PM). From
methodological aspects we followed the steps of systematic literature review combined
with text mining, bibliometric mapping, and visual analytics (we discuss the
methodological steps in section 2.1). As a result, we got research areas, clusters, which
are worth to investigate. We detail the related research gaps, BA challenges and
problems and give suggestions for possible BA applications and future research
directions. Second, we selected the performance management and decision-making
cluster for presenting a real-world case and we applied Manufacturing Data Life Cycle
as a framework. The case study presents a big data analytics performance monitoring
system from a multi-product refinery. The contribution of our research is the following:
1) identification the latest research areas and trends of BA in production management
based on the literature 2) discussion of research gaps, BA challenges and problems;
providing suggestions for possible BA applications and future research directions 3)
demonstrate and connect our findings through a real-world case performance
monitoring solution.

2 Business Analytics in Production Management — Literature
Review

The term “business analytics” was introduced to represent the key analytical
components of business intelligence in the late 2000s [3]. Chen, Chiang and Storey [4]
distinguish 3 phases in the history of business intelligence and analytics (BI&A),
denoted as BI&A 1.0, 2.0, and 3.0 according to Gartner BI reports on platforms’ core
capabilities and the hype cycle. Data management and data warehousing is considered
as the foundation of BI&A 1.0, BI&A 2.0 bringing in text and web analytics capabilities
for unstructured contents, using web intelligence and the analysis of user-generated
content. BI&A 3.0 is opening new opportunities by utilizing data from mobile devices
and their complete ecosystems, as well as from sensor-based Internet-enabled devices
equipped with RFID, barcodes, and radio tags (the “Internet of Things”). Business
analytics covers descriptive analytics (what is happening), predictive analytics (what
will happen next) and prescriptive analytics (what is the best course for the future) [5].
Business analytics applies various advanced analytic techniques answering questions
or solve problems related to business [6]. Isasi et al. [7] surveyed the literature of big
data and business analytics applications in the supply chain using bibliometrics and
systematic analysis. Zhang and Chen [8] provides a comprehensive review of the recent
research on Industry 4.0, IoT, Blockchain, and Business Analytics.
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2.1 Literature Review - Methodology and Preliminary Results

Our literature review approach is split into two phases. First, we collected the relevant
articles from Scopus to prepare a corpus of BA in PM domain, and analyzed these
articles using text mining, bibliometric mapping, and visual analytics. Second, using
the results from the first phase and combining it with our own experience in the field,
we extended the analysis to potential research challenges, directions and relevant BA
solutions using a more detailed and focused discussion.
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Fig. 1. Bibliometric mapping and text mining of business analytics articles with VOSviewer!

Preparing the corpus for text mining, we focused on papers from Scopus with
primary keywords of “business analytics” and “production management”, resulting to
314 articles (up to December 2020). We tested Web of Science as an alternative source
but discarded it due to their limited number of articles (less than 50 papers). To explore
the main research areas of BA in PM, we clustered the articles with VOSviewer
bibliometric mapping and text mining solution [9] and described the clusters using the
most compelling keywords (Fig. 1).

! The Figure is an illustration it doesn’t contain all concepts’ labels.
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Table 1. Research Areas/Clusters of Business Analytics in Production Management Corpus

Research area/
Cluster name

Keywords describing the
research domain

Keywords describing
business analytics
characteristics

Research Challenges,
Directions and Opportunities
from BA viewpoints

sustainable and

competition

predictive analytics

How to process unstructured

industrial research

competitive resource-based view data mining data produced in a supply
supply chain competitive advantage regression analysis chain (e.g., log file, image,
sustainability learning systems data from sensors)? This
supply chains field is usually not included
sustainable development to predictive analytics, but
most data produced in this
category.
performance supply chain business intelligence | Which BA tools support
management and | performance decision support problem solving process,
decision making | industry 4.0 systems cause effect analysis
performance decision making correlation and optimization?
firm performance
performance
management
big data supply chain big data Which BA applications to
analytics management big data analytics apply, what are the related

conditions?

knowledge and
information
management

innovation

knowledge management
information management
enterprise resource
management

supply chain analytics
data analytics

How to map and store
domain knowledge and
which is the way of
application of domain
knowledge in BA solutions?

The analysis resulted to five clusters, however due to the similarity of the fourth and
fifth clusters, both related to knowledge, information management and business
analytics were combined. Table 1 details the research areas defined by the clusters, their
domain, and their BA related keywords, as well as the research challenges, directions,
and opportunities from BA viewpoints. Our view is that the key challenges are the
following: 1) predictive analytics and data mining require developing methods to
process unstructured data produced in a supply chain, 2) business intelligence and
decision support systems need developing and implementing BA tools to support the
problem solving process, cause effect analysis, correlation and optimization, 3) big data
analytics need developing BA applications and that take into consideration production
specific conditions, and finally 4) supply chain data analytics poses the challenge of
how to map and store domain specific knowledge and which is the way of applying this
domain knowledge in BA solutions.

2.2 Business Analytics Problems and Challenges in the Manufacturing Data Life
Cycle

The aim of this section is to identify the typical BA problems and challenges related to
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the phases of MDLC. We use MDLC of Tao et al. [1] as a discussion framework to
connect the research challenges identified in the literature review, from our experience
and the issues revealed from our real-world case (Fig. 2). Data in a manufacturing
environment is collected from numerous sources in a variety of ways, that can be
structured (e.g., databases), semi-structured (e.g., XML documents), or unstructured
(e.g., textual information from equipment and error logs) [10]. Data processing starts
with the pre-processing steps of data cleaning and data reduction; it is usually a complex
and non-trivial operation. In the manufacturing environment, missing values are
common, and they pose a challenge to the application of machine learning algorithms

[11].

Fig. 2. Business analytics challenges using Manufacturing Data Life Cycle MDLC [1].

Data reduction transforms the massive volume of data into ordered, meaningful, and
simplified forms, followed by data analysis covering a wide variety of techniques,
including machine learning, data mining, time-series analysis, large-scale computing,
and the use of forecasting models. Visual analytics and visualization support the
communication with end users, it helps having a clear, user-friendly view of the data
and an easy understanding the data processing results [12].

Tao et al. [1] distinguished three types of data applications: The first (design) helps
in demand analysis, smart design, and market forecasting through better understanding
of customers, competitors, and markets. The second (manufacturing) supports decision
making, product quality control and equipment supervision. The third phase (MRO -
maintenance, repair, and operations) enriches monitoring operations, fault predictions
and smart maintenance. These data applications can lead to informed decisions
concerning whether, when, and how to adjust the manufacturing processes and
equipment, and how to facilitate the control and improvement of product quality, yield,
or energy usage.



544 A. K6 and T. Kovacs

3 Business Analytics Problems and Challenges from a Real-World
Case

We utilize experiences collected in a real-world case to discuss the business analytics
problems and challenges in production management. The case is from a large multi-
product refinery that has recently implemented a performance monitoring system using
big data analytics. Management was driving the implementation to sustain the
previously achived annual performance improvements of over 10% per year in several
areas like energy efficiency, yields and volumes; and to make the operation more secure
for the long run. The plant applies World Class Manufacturing methodology, of which
visual performance management (VPM) is a key component. VPM helps improving
internal and external communication, facilitates performance measurement and review,
enhances collaboration and supports the cultural change [13]. The system was
developed with the desire to use existing data sources, demonstrate compliance to
performance standards, visualize performance trends and assist with performance
improvement initiatives as a diagnostics tool. The case was specifically selected as the
plant posessed large number of Industrial IoT sensors, however the utilisation of data
from these sensors were sporadic and ad-hoc. It was therefore interesting to explore
how a business analytics system could add value to this installation.

3.1 Background on the Case

The plant had high levels of process control with state-of-the-art automation, Industrial
IoT process measurement and data storage, recording numerical values of process
parameters (e.g. flow rates, temperatures, pressures) and also alarm and error logs.
Laboratory results were collected using Excel workbooks, being migrated to a
Laboratory Information Management System (LIMS). Maintenance records were
stored in a Computerized Maintenance Management System, recording equipment
failures, repair and restoration activities as well as predictive maintenance related data.
This broad range of separate systems made it difficult the concurrent analysis of data
from different sources, limiting process optimisation efforts (Fig. 3).

The project started by reviewing existing key performance indicators and
performance metrics, defining new ones, with the desire to get an integrated, holistic
view on business performance. Both lead and lag indicators [14] were used in the final
set, the former being proactive, preventive and predictive while the latter displaying the
final outcome. Process parameters like temperature, pressure, flow rate were often used
as lead indicators supporting the process optimisation efforts: setting the optimal
parameter values and using process control to ensure the adherence to those set values.
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Fig. 3. Performance monitoring system architecture using big data.

3.2 Challenges to Implement Business Analytics in the Real-World Case

Design science methodology for information systems [15] was used for investigating
the problems and challenges of performance monitoring and business analytics
solutions in relation to the MDLC phases. The case showed that with the currently
available business analytics tools, a performance monitoring solution could be
relatively quickly developed, demonstrating the value of data-driven decision making.
The amount of data stored in the system was rather a burden than an advantage; finding
the appropriate information of process parameters among the ones that were recorded
required the thorough knowledge of system. It requires the careful selection of those
that objects that are connected to key performance indicators. Data quality poses a
serious threat to the success of such projects, often realised only after the project is
underway. Structural errors (format errors, typos) could break the data extraction,
transformation and load (ETL) process, while missing data and outliers would result to
implausible results, making visualizations meaningless. The ETL process therefore
must be prepared for both the initial cleansing and the ongoing data quality issues [16].
The benefit of such an automated system over a manual system is enabling real time
data processing and alerting, flexible analysis of larger data sets, from disperate sources
and better supporting problem soving and decision making by cause and effect analysis.
However, the case drew the attention to the fact, that taking advantage of this would
require a strong analytics culture. A key success factor of such an initiative is a
commitment from management, encouraging the use of analytics and data-driven
decision making, and developing the human analytical competence.
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4 Conclusion

Our investigation of the real-world performance monitoring and business analytics
solution in the context of the MDLC of Tao et al. [1] resulted to the following findings:
The divers data sources in manufacturing, often with questionable data quality poses
some serious challenge to the success of developing a business analytics solution.
Missing data and outliers, often related to the unreliability of field equipment makes
especially difficult data aggregation, requiring foresigh and sound business logic. The
data collection requires skills in both industrial and business systems as data sources.
Regarding data storage, there are limitations and security concerns of storing data in
the cloud. On premises data storage therefore could be a requirement to overcome these
problems. The data processing would require the appropriate selection of models,
including text mining methods for processing alarm and error logs. The amount of data
from IoT sensors would require data reduction, to enable processing it over a longer
period. Dashboards should facilitate performance review and problem solving, chosing
the right visualizations for different metrics and performance indicators. Finally,
Specific business analytics applications should be selected based on key performance
indicators that could vary from simple dashboards to complex machine learning
models. Our investigation highlighted, that the lack of business analytics skills and
analytics culture could be a barrier to success. It needs to be developed simultaneously
with the development of the performance monitoring and business analytics solution.
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