
 

Value Creation from Data – Why is this a BPM Problem? 

Shazia Sadiq1, Ida Asadi Someh2, Tianwa Chen1, Marta Indulska2 

1 School of Information Technology and Electrical Engineering,  
The University of Queensland, Brisbane, Australia 

shazia@itee.uq.edu.au, tianwa.chen@uq.edu.au 
2 Business School, The University of Queensland, Brisbane, Australia 

i.asadi@business.uq.edu.au, m.indulska@business.uq.edu.au 

Abstract. The data deluge and associated technological proliferations have 
significantly changed the landscape of how businesses are run. These changes, in 
turn, necessitate profound changes in how business processes are managed. Yet, 
as organisations aspire towards embracing data-driven approaches both 
technically and culturally, the socio-technical barriers for value creation from 
data are becoming increasingly evident. This paper highlights the important role 
that BPM research and practice can play in lifting those barriers. 
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1 Why is value creation from data so hard? 

The technical advancements in data science and machine learning, as well as the third 
wave of AI [10], have raised expectations of business transformation. However, how 
organisations exploit and adapt to these advancements remains an open question for 
now. Extant research from Information Systems provides many insights in the context 
of value creation from IT assets and capabilities [25],  but value creation from data 
challenges many of those findings. Furthermore, in the current characterisations of big 
data, i.e., the so-called Vs,, a number of well-established data management practices 
are no longer valid [38], leaving organisations to face the complex and unstable reality 
of the data-driven promise. A number of aspects have contributed to these difficulties:  

First, data re-purposing [41], has resulted in a distance between the design and use 
intentions of the data, and is causing a fundamental shift in the way data is managed 
and used. Traditional data modelling and design principles are thus challenged in the 
context of data re-purposing and reuse. Yet, data re-purposing represents an 
unprecedented opportunity for organisations to (re)create new value from existing data 
assets, highlighting the central importance of effective data sharing [39] and use [8] 
from the perspective of a socio-technical organisation.  

Second, there is increasing evidence that data scientists spend over 80% of their time 
tackling problems related to data access, linkage, and cleaning [7]. There is a plethora 
of examples of situations where inadequate handling of data complexity has resulted in 
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disastrous consequences. For example financial and reputational damage [15], and 
issues of social justice and public harm, such as propagation of biases in data into 
speech analyses [44], or data discrepancies and algorithmic assumptions that resulted 
in discrimination [17]. At the very least, the under-estimation of data curation and 
preparation needs results in time and cost over-runs in business analytics projects.  

Third, data pipelines constructed by data engineers and scientists often lack 
explainability due to the use of complex computational, statistical, and machine 
learning techniques [34]. This causes, on the one hand, efficiency concerns due to poor 
transferable and repeatability prospects, and, on the other hand, deterioration in the trust 
of analytical results by business stakeholders and end-users. While literature on 
explainability [23] is advancing, a practice of transparency is still not that prevalent in 
the data science and analytics workforce [42]. These divides can create functional and 
cultural friction between the teams, and a disconnect between how consumers think 
their data should be handled and how it is actually treated [6]. While legislative and 
regulatory frameworks are playing catch up, currently most are untested for adequacy, 
and may simply be viewed as an increased compliance burden on organisations 
(especially SMEs) thereby limiting the uptake of data-driven solutions and innovations.  

Challenges aside, there is no doubt that data-driven organisations that overcome the 
socio-technical barriers will emerge as winners in an increasingly competitive 
environment across all major sectors. The question for BPM research, vendor and 
practitioner communities is: what role can BPM play in helping organisations gain 
value from their data assets? In the section below, we highlight some of these 
opportunities.  

2 Can BPM Help? 

One central question for organisations that intend to pervasively use data for value 
creation relates to structuring of the analytics teams in ways that can transform the 
organisation into a data-driven entity [11]. However, this organisation-wide 
transformation is challenging in practice due to existence of functional silos and 
difficulties in creating proximity between analytics teams and business or domain 
groups [36]. The traditional function-based approach is where a central unit is 
established to serve multiple business units with their various analytics needs [16], and 
this approach generally leads to a strained relationship between analytics-oriented and 
business groups, because the former can rarely meet every demand of the latter [29].  

Instead, data-driven work must be rooted in a pervasive enterprise-wide approach in 
which analytics is woven into the fabric of the organisation. Such an approach demands 
breaking down organisational (unit) boundaries to facilitate analytics teams and 
business groups to develop a common language to work collaboratively, and iteratively, 
and to integrate their knowledge into improved data-driven solutions, products and 
processes. This approach ultimately results in close ties between analytics teams and 
business groups, common language and motivation to interact, which brings about 
organisation wide change. To enable this proximity, organisations typically go beyond 
setting up centres of excellence that focus on enterprise analytics capabilities to build 



 

cross-disciplinary analytics teams that embed themselves within process-oriented 
groups.  

BPM Opportunity: Process orientation has long advocated the need for 
organisation-wide thinking and breaking down of functional silos, and has been shown 
to be positively associated with firm performance [20]. How can process orientation 
research help set up organisations for data-driven work?  

Despite the importance of effective use, many firms struggle to achieve it. 
Historically we know that, “...effective use is one of the greatest challenges for BI 
[Business Intelligence] systems.  … Despite increasing investments in BI systems, 
many organisations are still unable to attain the desired success … due to 
underutilization and ineffective use” [4]. One theory that explains how organisations 
can use data and analytics systems more effectively is the Theory of Effective Use 
(TEU) [8]. TEU suggests that effective use involves three dimensions: (a) transparent 
interaction: seamlessly accessing the representations offered by a system, (b) 
representational fidelity: obtaining more accurate representations from the system, and 
(c) informed action: taking actions based on faithful representations.   

We know that data can contain unexpected insights, and hence effective use of 
analytics systems can help organisations reap unexpected gains. However, the speed 
with which these insights can be effectively used is critical. Agility in value creation 
from data can be challenged with the way in which analytical insights are delivered, 
embedded and utilized within business. Organisational capability to support data-driven 
process design and improvement becomes essential. IT business literature advocates 
for a process perspective on value of IT resources and capabilities [25, 28]. 
Traditionally, analytics team outputs might be static reports or dashboards that exist 
separate from business processes and might not meet the specific decision requirements 
of managers and employees. However, data assets and capabilities generate business 
value when they are embedded within organisational processes. The challenge is how 
these operational and informational capabilities and experiences are blended into an 
integrated application or platform that promotes user engagement and empowers users 
with evidential decision making [40]. 

BPM Opportunity: Agile value creation from data requires new approaches for 
process design and improvement, in which data-driven insights can be embedded into 
processes in a timely and agile way that facilitate, extend and improve analytics-driven 
user experiences. How can process design and adaptation research help facilitate agile 
use of data-driven insights?  

A notable process design choice related to how organisations integrate the insights 
with existing processes or develop new tools and processes is between (1) the 
augmentation of users’ capabilities with algorithmic insights and recommendations to 
undertake evidential decision making and (2) the oversight mechanisms under which 
algorithmic insights and recommendations could be monitored and contested. The 
counter part is the design of fully automated decision-making, where algorithmic agents 
decide and act independently. There is growing evidence that this can create tensions. 
While algorithms can perform structured tasks and process massive datasets in real 
time, humans usually fare better with less structured tasks, especially ones that require 
creativity and interpretation [5]. Optimally, human-machine configurations should 



 

leverage both agents’ strengths in a complementary manner. However, finding the right 
balance between automation and human involvement is not easy and practical 
guidelines are still emerging [30].  

 Whereas, process mining has proven a valuable approach in providing insights into 
the actual business process from organisational and case perspectives, the bulk of the 
advancements, understandably, are on the support of BPM [33], where process mining 
can enable evidence-based BPM [2], be used as a tool for Delta analysis and 
conformance testing [1] or to detect discrepancies, improve process, and provide better 
support (e.g. in the (re)design and diagnosis phases) for BPM life-cycle [26]. However, 
the rich body of knowledge on process mining tools and techniques can be translated 
into several novel domains including those that support value creation from data. For 
example, process mining can also reveal how people and/or procedures actual work [1] 
and provide understandable models that enables experts to understand the actual 
workflow and to detect specific user behaviours patterns [13]. The literature highlights 
the value of using process mining to understand human behaviors [33]. For example,  
model understanding has explored using process mining on eye tracking data (i.e., one 
of the physiological variables used as a technique to reflect the changes in cognition 
[27]) to find reading patterns in hybrid processes of DCR-HR [3], sensemaking 
behaviors in dual artefacts of business processes and rules [9], on domain and code 
understanding tasks from the developers’ interactions [24], as well as on discovering 
data workers interaction behaviors and strategies in finding data quality issues data 
curation work [18]. 

BPM Opportunity: Process mining offers a rich set of methods and tools that can 
be used to understand human behaviour processes as well as process that have a mix of 
automated and human tasks. How can process mining help achieve the right balance 
between automation and human involvement in data driven processes? 

Related to this opportunity is another that stems from the concept of reference 
models. Reference models are blueprints of best practice with the aim of reusability. 
They were popularised in the early 90s (see e.g. [35] and, since then, have been applied 
in a broad range of contexts [14]. The use of reference models has been associated with 
several benefits, including process improvement outcomes and risk reduction [32].  All 
data work, from data curation through to the development of AI models, is in itself a 
process. There is evidence that suggests that data curation processes are currently done 
in an ad-hoc manner [18, 19] and that process mining is helping to uncover a closer to 
optimal approach [18]. High profile failures in developing AI solutions, contrasted 
against notable successes [43], also suggest that there are best practices to be learned 
from.  

BPM Opportunity: Process reference models offer a blueprint for best practice and 
enable organisations to improve their process performance.  How can process reference 
models be used to capture and share best practice approaches to value creation from 
data? 



 

3 Is the problem worth solving?  

Evidence based decision making is not a new concept and has been the flagship 
approach for many sectors such as clinical research [12], policy reform [46] and 
financial markets [22]. However, we highlighted above the characteristics and 
challenges in evidential decision making with big data and complex black-box 
algorithms. In fact, advancements in machine learning (ML) and artificial intelligence 
(AI) are being valued at contributing up to US$15.7 trillion [31] to the global economy 
by 2030. AI is enabled by data [45] and the need for robust mechanisms for ‘generating, 
sharing and using data in a way that is accessible, secure and trusted’ is clear. Indeed, 
data gone wrong is acknowledged as the biggest risk factor for AI and other emerging 
technologies [21]. Unless organisations can see business value in data-driven work, the 
opportunity for responsible [37] and agile value creation from data will not materialise.  

The authors of this paper posit that BPM research and practice holds a significant 
amount of knowledge capital that can be harnessed to contribute to the problem of value 
creation from data. We call the BPM community to assemble behind this exciting and 
interesting challenge of our times.  
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