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Abstract

Business analytics have enabled businesses to leverage unstructured andddistarse order to
improve their operations and position themselves better within a higblylént environment. While
much discussion has been focused on how businesses can move from data to insigliggmo dec
making, much less is known around how businesses actually interpret the insimhtedgrby
business analytics tools. This extended abstract proposes the use of sensamé#kingheoretical
lens for interpreting these insights, combined with contextual information.iNeewising two case
studies to further explore the applicability of our proposition.

Keywords: business analytics, software developers, sensemaking, start-ups.

1 Introduction

Business analytics have been driving a significant change across a nurabeaspffrom operations
and manufacturing (e.g., Gunasekaran et al., 2018) to retail and marketing rigaget@l., 2018).
This increasing interest stems from the potential of business analytics. Applying businesssarsadyti
lead to new insights and improved business outcomes (Gartner, 2018) on the basilitadinén
evidence-based decision-making (Pappas et al., 2018). Such decision-mbkirgyfat increased
performance and agility, and business and organisations to innovate when ani isheost needed
(Mikalef et al., 2020).

Despite the promise of business analytics, recent findings suggest that gshardragmented
understanding around their role (Conboy, Dennehy, et al., 2020) and how exacthothesxdate
value for the business (Ashrafi et al., 2019; Dong & Yang, 202Bg évidence suggests that
businesses cannot attain the benefits of business analytics in a strafttfonanner. Instead,
business analytics must be combined Wehperior decision-makirigo create value (Sharma et al.,
2014, p. 433). In addition, business analytics need to become routinised within businesseprote
order to influence organisation-level outcomes and create value iortger term (Mikalef et al.,
2020). As a result, to take advantage of business analytics, businesses need s uselsha a way
that allows them to transform and make their data explicit, bedaisexplicit insights that help
businesses take actions and move from insights to decision-making (Shatma0dt4y. At the same
time, this suggests that we need a better understanding with regards to howskgsinake sense of
the provided insights within the turbulent context within which they operate.

The aim of this study is to address this by focusing on how business analytics bupprasses learn
and improve their decision making, drawing from the theory of sensemaking. We tipasi
sensemaking can help us understand how businesses make sense of their datacamglée
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visualisations business analytics produce, within the context of organisationasg®e®d structures
(Namvar & Cybulski, 2014), against the background of external and internal e@emntstudy draws

from two small start-ups and discusses, first, how business analytics carderusgnaging and
prioritising IT projects, and therefore used by businesses for organisatanaih and innovating.
Second, we show how the theory of sensemaking can be a useful lens for theorising around the design,
development and use of business analytics for project management and project poinritisati

The paper is structured as follows. The next section provides an overvidgie aheoretical
background that guides our research. Next, we present our study’s methodology, with a short
description of our two case studies. Finally, we include a short discussion on owtedxpe
contributions.

2 Theoretical Background

2.1 Business Analytics in Systems Development

To date, an abundance of definitions and descriptions of business analytics éxestlitarature.
Mikalef et al. (2018) and Holsapple et al. (2014) have separately compiteprehensive lists of
definitions, and drawing from both studies, it appears that business analytg=snarally seen as a
collection of technologies, methodologies, systems, applications and tools thlat eganisations to
analyse and explore business data, and use the insight towards decision making.

Within the context of systems development, business analytics often take the form of softwiase met
to measure lead time, cycle time, throughput rate (Conboy, Dennehy, et al., 20@0make
estimations on the basis of effort, velocity and releases, among oth@srigtar & Ayan, 2016). As
such, software metrics can be particularly useful and provide critisajhts with regards to the
development process.

However, software and systems development typically take place witfést-gpaced and often
turbulent environment. A number of stakeholders are involved, ranging from developers and testers, to
architects, analysts, managers and, very often, users and clients. Each mdiférave interests in

the metrics they want to use, and even competing interpretations ofwahiat is and how it can be
achieved.

In this study, we view business analytics as a tool that helps softwartopigeand projects
managers to understand their projects from the multiple perspectivefidlieyn two ways. First,
business analytics can be used as a way to assess the progress of alpngjele triple constraints
of time, cost and quality (Wiener et al., 2019) for tracking, monitoring aaaging the associated
risks with the progress of a project (Conboy, Dennehy, et al., 2020). Second, busines aaalyie
used for managing project portfolio management and prioritising projecten&le al. (2014), for
example, have argued that business analytics can be used for resawatoanlland orchestration,
because they help businesses reconfigure their IT capabilities by providing them the néatsghts
to do so (Daniel et al., 2014, p. 95)owever, Constantiou et al. (2019) show that busetesien
face unstructured problems during project selection and prioritisation, Wwhandre use of business
analytics is not enough; instead, business analytics need to be combineduiitte intdgements so
that the insights derad can be appealing, and make more sense to relevant decision makers.

The above discussion suggests that it is not enough to understand the requiremesusldpingd,
implementing and using business analytics tools for insights and decision-mattiegtwiaving a
good grasp on how businesses make sense of the very insights they receivedeaimatsehow they
make sense of their wider environment (Abbasi et al., 2018), and in turnhapwnterpret this sense
into decisions.

For these reasons, we believe it is important to approach business analytics from thedhlme bf
sensemaking in order to understand how businesses make sense of these hag hmowvd from the
insights they receive to decision making with regards to project managanmroject portfolio
decisions.
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2.2 Overview of Sensemaking Theory

Sensemaking has a long tradition in organisation studies (Sandberg & Tsoukas, 2015) with a
noticeable influence in a number of other fields, such as emergency response, strategy, @immunic
studies, and of course, information systems (Mesgari & Okoli, 20l@n be defined as “an ongoing
process that creates an intersubjective sense of shared meanings througfattonaard non-verbal
behavior in face to face settings where people seek to/produce, negotthteaintain a shared sense
of meaning” (Gephart et al., 2010pensemaking is triggered typically during unfamiliar or uncertain
situations (Klein et al., 2006a), when there is insufficient or inconsistéatmation in the
environment (Dervin, 2003; Klein et al., 2007) and largely during problematic angaated events
(Weick, 1988). Sensemaking, in this sense, is the process that allows psoipldiviguals or as
members of a team or an organisationmtdre sense of and interpret these events and other people’s
behaviour (Weick, 1988), in a solution-seeking manner (Zamani et al., 2019).

As a process, sensemaking is situational (Dervin, 1983) and bidirectional, whereby individugis attem
to fit available information into mental representations of @asin (Klein et al., 2006a), by looking
both backwards to inform their sensemaking using previous experiences and lookargi$dn order
predict how the future may unfold (Pirolli & Russell, 2011).

Within the sensemaking theory, we note three different approaches. $hefproach is that of
Weick, who introduced the concept of sensemaking as organising (Weick, ¥81&)’s approach
started off with strong cognitivist origins and later switched to being explaiocial constructivist
one (Sandberg & Tsoukas, 2015). He presents sensemaking as a process where individtats, as pa
an organisation and in interaction with each other, take actione makse of their environment
retrospectively, extract and label parts of their experiences angitee them together, in a way that
helps them organise (Weick, 1995; Weick et al., 2005). Another approach isifieensaking theory

by Dervin (1983), which has been very influential within the libraries af@mation science area
since the 1970s (Savolainen, 1993). For Dervin, sensemaking is a behavioural tlhatimeboal
(cognitive) and external (procedural) that supports the individual to rhosegh time and space, and
the core activities are those of information seeking, processing,ngeatid using (Dervin, 1998)
Like Weick, Dervin sees sensemaking as a process, however for her “sense is the product of this
process” (Savolainen, 1993, p. 16), but for Weitk]ctions are seen as the product of sensemaking”
(Mesgari & Okoli, 2019, p. 217). We note however that Dervin is very flexibleindescription of
‘sense’, which includes, among others, knowledge as well (Dervin, 2003). The third approach is the
macrocognitive one, put forth by Klein et al. (2006a, 2006b). This is better krotne ata/Frame
theory of sensemaking. According to thidatd denote the information available within a given
context and ‘frames’ denote mental representations or possible hypotheses that link the data together
(Klein et al., 2007). In this case, sensemaking entails‘ffjaimes shape and define the relevant data,

and [that] data mandate that frames change” (Klein et al., 2006b, p. 88), and in turn that sensemaking
may require the construction or deconstruction of several frameéshe ‘symbiosis’ of frames and
data (Klein et al., 2007). Th@ata/Frame differs from Weick’s approach in that it is more focused on

the individual and their preconceptions, expectations and views (Zamani 20%3). Further, it
places greater emphasis on the anomaly that triggers sensemaking, the response to therahibraly a
ripple effects of this response (Malakis & Kontogiannis, 2013).

The current study focuses on the use of business analytics within the contexnifatigyas, seeking
to examine how business analytics can support businesses learn and impralectsien making for
project and portfolio management. We therefore adopt the approach espgus®eick for the
following reasons. It allows us to account for the organisational contegtewhultiple stakeholders
exist and often collide, and to explore how individuals as a collective neake f fragmented and
often unstructured information (Weick et al., 2005), which is quite typicaddftware projects (Babar
et al., 2018). It also accounts for how teams interpret and overcome contradictions, incéesiatehc
inefficiencies with the use of IT artefacts (Mesgari & Okoli, 20Eich as business analytics in this
case, to enact their newly acquired sense (Zamani et al., 2019) andheiale/eryday practices and
decision making more orderly.
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In the next section, we discuss further on our approach and its applicability area of business
analytics project and portfolio management.

2.3 Making Sense of and with Business Analytics

Sensemaking, as espoused by Weick, is a processual action-orientated phenfWeinkn&
Sutcliffe, 2007) and an information-processing endeavour (Abbasi, &0413; Weick, 2010), where
information is drawn from the internal and the external environment afrgfamisation (e.g., business
strategy, identity, working practices, organisational culture) (Mesg&@kdli, 2019), the information
systems and technologies in use (Seidel et al., 2017), and the individual exgeardgeersonal
beliefs (Zamani et al., 2019), to name only a few information sources. &leng lines, sensemaking
is triggered in times of uncertainty or ambiguity, where the aim iisstil order into what is perceived
chaotic. A preliminary stage of sensemaking is that of noticing and brack&toiging and
bracketing draw from prior experiences and one’s expertise, and relate to potential antecedents and
consequences of what is being observed (Weick et al., 2005). In this sensagrastd bracketing
further support the sensemaker with simplifying what is being observed and degebdgisible
stories for explaining it (Seidel et al., 2017). The next stage is thabellihg and categorising. At
this stage, individuals begin abstracting from perceptually-based knowing woreadly-based
knowing (Weick, 2010), in order disregard any differences that prohibit fiteemfinding a common
ground (Weick et al., 2005). Once common ground has been achieved, the next step is to identify what
will be the immediate action, by assessing and reviewing the diffptausible outcomes (Seidel et
al., 2017).

Positioning the above discussion within the broader discourse of project managprogat
prioritisation and business analytics in which we are interested, sensemakihg seen as the social,
organisation-wide process whereby individuals collectively embark upon thepriethtion of the
insights received from the business analytics tools in order to manage aratesgaisting and future
projects, with the aim to decide on corrective actions and futuresinguitations. From then on,
sensemaking during projects and software projects in particular is trsaislgrdefinition, because
most typically projects are unpredictable and multifaceted (Dennehprdy, 2019), offering the
required degree of uncertainty and ambiguity for triggering sensemaking. Addimgdsusinalytics
into the mix, we notice that these are used to support decision making, i.e., action, which,|laesgrthe
requires somewhat more than what business analytics can offer: fesegointextual information that
needs to be coupled with the business analytics output, and these together naatkbtprbted and
made sense of against the backdrop of the prevalent problematic sithatiore¢ds to be tackled
(Ashrafi et al., 2019; Conboy, Mikalef, et al., 2020; Constantiou et al., 2019; Fossbai&mal.,
2015; Mikalef et al., 2020).

During project work, or during project selection, business analytics caviatdlesome of the
ambiguity and the uncertainty and we expect that this is where pdéneiofvalue lies (Conboy,
Dennehy, et al., 2020). They can support immensely the stage of noticing and hgaligiulling
together critical information that could pass otherwise unnoticed, andsilpesses simplify what is
happening, while offering a pathway towards identifying antecedents and conssquemnse
businesses and project teams are able to contextualise the insights they receive. On thhtbiagjs, la
and categorising suggests specifying further under different categoriessthis @ the previous
stage, which can be beneficial for project selection (e.g., categppsbjects based on their relative
importance (Tavana et al., 2018)¢h as ‘critical’, ‘important’, ‘strategic’ and so on).

Approaching business analytics this way opens up several possibilities. On thendpdusness
analytics help businesses make sense of their data and their operations to prdeeed with their
decision making along a number of fronts. On the other hand, as businesses use budytiess an
combined with intuitive judgements and prior experiences, in order toad@alternative scenarios
and action possibilities, they may combine business analytics insights together with theirsomalper
experiences and intuitive judgements, they can use the process itself angutst@dine tune the
design of the tools themselves on the basis of tangible results.
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3 Methodology

We believe that within a contemporary business environment, the usehabtogy, in this case of
business analytics, the working practices of software developers, manageecemh makers, the
multiple stakeholdersviews, and the interplay of multiple actors, are tightly interrelated ¢b ether
within a contextual, socially embedded process. In such a context, processutandtes are
interwoven with the organisational culture and the team dynamics, buthici are determinants for
the success of project management and higher order decision making osesbeas project
prioritisation and project selection (Igira, 2008; Walsham, 2002).

As the aim of our study is to explore and understand how business analytics suppossesdean
and improve their decision making through the lens of sensemaking, we adopt aretiméerp
approach. Interpretivism allows us to address w#hiithout manipulating the actors’ behaviour, while
assessing the multiple contextual conditions (Walsham, 2006).

Along these lines, we follow the design of the case study and we presdinidimgs of two case
studies we conducted with the help of two small Greek start-ups. Thesadesare discussed in the
next sections.

3.1 Case Study A: RetailAnalytics

RetailAnalytics is a small start-up that provides market researdimarketing solutions on the basis
of location data drawn from different data sources. It has developed aenapiplication used by
consumers to discover items and receive rewards by brands and retaiens tesviel across the city.
The team behind RetailAnalytics comprises by 6 core team membeCEQ@ and General Director, a
back-end developer, two front-end developers, a data scientist and ratiomgemanager. Their
clients are various retailers ranging from grocery stores to snfatedas, and major food suppliers.
Currently, RetailAnalytics provides consulting aadhoc analytics services and reports for their
clients. These reports are mostly pre-defined and exploit both descriptdvéaga mining analytics,
including market research results based on specific questions asked, usertasgmand profiling
based on users’ mostly visited areas and stores, areas correlation, footfall reporting etc. At the same
time, they generate analytics reports and develop custom features for their mobibiapdigsed on
their client needs. Recently they received funding from a venture Icipith to develop a real-time
business analytics platform having predicting capabilities for their ERBsiness to Business)
customers. The atnpany’s CEO noticed that their clients’ demands for customised features and
reports distracts the company from their core activities and the fundipgseyralthough, due to
revenue and customer retention purposes, they should keep working on feature customisation. Up until
now, RetailAnalytics CEO prioritises and decides the criticality okligping a new feature, based on
his estimations about the profitability of similar previously releasatlfes.He follows the same
approach in deciding the features they are currently developing for tPBimBalytics platform. As
this approach is highly dependent on intuition and rough estimations, at the nmbeaeate in the
process of developing a new feature in their business analytics pldtfiothemselves. Their goal is
to assess and measure the success and profitability of each feature they rddeadeewiapplication
Their vision is to use this new business analytics tool to aid them in gimgitand deciding the
featuresto be developdfor their new B2B business analytics platform, as well.

3.2 Case Study B: SocialAnalytics

SocialAnalytics is a small start-up that started its operation in 2014 as a researchetomphtEnt spin
off of a government funded project. Since then, it has received funding from multiple entregitgneu
competitions and has received awards and distinctions. At the time ofudytr 8te core team of
SocialAnalytics included five people: the Managing Director, a Datenfist, the Lead Software
Engineer, the lead for Operations and Presales and the lead for Caaivunand Reporting. Its
portfolio of services includes sentiment analysis, real-time monitoring@ngetition tracking, using
primarily online social media data. SocialAnalytics provide thesecserwiia their bespoke platform
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and can offer additional services depending on the specific needs of theTtigntlientele includes
major financial institutions, international corporations of different @sctconsulting services,
including investors and some smaller businesses. While most of their niajus ¢clave been with
them for a long while, their work is most typically project-based andettesss such with everything
this entails with regards to project management, monitoring, costingneaeidition, the Managing
Director have been noticing recently that not all projects returisahee profit when controlling for
effort, suggesting that there were discrepancies and slippages in how thdyebauwmonitoring and
controlling their work. This is why SocialAnalytics turned to business analytethods themselves
and in order to make more effective decisions in the future. Bhginess analytics solution is not as
advanced nor as sophisticated as their analytics platform they use farlidres, asley didn’t put
too much thought in setting it up, but for them and for now it seems to work.

3.3 Data Collection and Analysis

For our study, we will collect data through semi-structured interviews Witbaen members from the
two start-ups. We will also clekt data from additional sources, such as documents, the businesses’
websites, role descriptions and the likes for triangulation purposes (Eiserll@8@). Interviews will
be recorded, transcribed and coded through Nvivo. For the purposes of data amelysib,use
grounded theory method techniques, and specifically the Glaserian approachnafoojieg and
selective (Glaser & Strauss, 1967). As our aim is not to build theory but ofifdyea rich description,
we will be skipping the stage of theoretical coding (Urquhart, 2012). We ekpéactur major themes
and selective codes will evolve around the stages of sensemaking, i.e., natidirigaaketing,
labelling and categorising, as well as themes pertaining to projecgaraaat and project selection,
i.e., timing, costing, quality, etc.

4 Expected Contributions

The aim of this study is to explore and understand how business analytics support businesses learn and
improve their decision making through the lens of sensemaking. We will splgiiseng two cases

of start-ups, whereby the first is using business analytics in order to assessofifability of their

projects as these unfold but also retrospectively, and therefore imghawe planning and
effectiveness in the future, and the second is using business analytiderino measure the relative
success and profitability of each feature they roll out within their application.

On the basis of our findings, we expect both theoretical and practicalbatiotts. Our focus is
specifically around how businesses make sense with and of business analytder ito dearn and
improve their decision making, and we are interested in seeing how thesaaftivarious individuals,
enacted during the sensemaking process, inform the sensemaking of theirAgesuch, from a
theoretical perspective, we will be focusing on the materialitheftéchnology, in this case that of
business analytics, and we will be adopting and acti@ntation stance, both of which have been
identified as shortcomings within the Information Systems field in relatosensemaking studies
(Mesgari & Okoli, 2019). With regards to practice, and the business analytics literatufieaheain
the basis of addressing our aim, we will be gaining insights into how stausapsusiness analytics
during the different phases of development, how projects shape and are being shbpsithdss
analytics tools, and in turn, what kind of value these tools add to project emaeaty These findings
will be of direct benefit to the literature.
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