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Abstract: The current business environment demands the enablement of organization-wide use of
analytics to support a fact-based decision making. Such movement within the organization require
employees to take advantage of the self-service business analytics tools to independently fulfil their
needs. However, assuming independence in data analytics requires employees to make sense of
several elements which collectively contribute to the generation of required insights. Building on
sense-making, self-service business analytics, and institutions literature, this paper explores the
relationship between sense-making and self-service business analytics and how institutions influence
and shape such relationship. By adopting a qualitative perspective and using 22 interviews, we
have empirically investigated a model developed through our literature review and provided more
understanding of the sense-making concept in a self-service business analytics context.

Keywords: sense-making; business analytics; institutions; data questioning

1. Introduction

Business Analytics (BA) denotes the use of data in conjunction with several analytical
tools and techniques to support employees and organizations in their decision making. BA
involves a wide-ranging use of data, statistical and quantitative analysis, explanatory and
predictive models, and operations based on facts that support in making decisions and
taking actions [1]. Currently, practitioners and academics prioritize value creation from
business analytics [2,3].

Undoubtedly, business analytics has the capacity to help organizations expand their
market share, improve the efficiency of daily operations, and explore more opportunities
through the data they can collect and business-specific analytics they can perform [4].
For example, research indicates that top-performing organizations—compared to lower
performing organizations—use the results of data analysis to develop future strategies and
optimize daily operations [5].

On the one hand, due to the constant demand on analytics for better organizational
decision-making need and employee’s inability to carry-on data analytics to serve their
own needs, experienced technical employees (often part of an IT/BI department) face a
tremendous overload of continuous reports requests [6–9]. On the other hand, techni-
cal employees with limited business knowledge often face business problems that they
cannot address alone. The problems faced by technical employees act as a source of institu-
tional influences for some organizations to decentralize analytics by creating a self-service
environment. This environment allows employees to engage more in data analytics by
seeking minimum support from technical employees. The environment is referred to as
a self-service business analytics (SSBA) environment, which points at an approach to BA
for providing non-technical employees or business users access to selection, analysis, and
reporting tools with minimum or no participation from the technical experts [10].

A standard SSBA environment aims to lower the operational complexity of processing
data into information where the technical department provides data, tools, and technologies
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to business users. This service from the technical department makes the business users
more autonomous in meeting their information needs so that technical department can
focus on more strategic tasks. [11]. Therefore, the business users as organizational actors get
the opportunity to first make sense of the provided data using the provided tools to make
an interpretation which can function as a context for organizational action. Sensemaking
is the process through which people work to understand issues or events that are novel,
ambiguous, confusing, or in some other way violate expectations [12]. Sensemaking
assumes that the users may impose their own meaning based on experience and use
the ascribed meaning as a basis for subsequent understanding and action [13]. In other
words, the users in an organization create their own subjective reality rather than try to
discover some existing reality. Based on this transformation of the SSBA environment, in
this paper we posit that both institutions and sensemaking shape the SSBA environment
in an organization. Therefore, it is important to investigate sense-making and institutions
effect on SSBA environment and ground such understanding in empirical data. Following
that, this paper aims at addressing the following research question, “How can we describe
the interplay between sense-making and institutions influence in the context of SSBA”?

Understanding such influences is important since more knowledge about how institu-
tional influences shape SSBA would be highly valuable for managers and IT professionals
confronted by the complexity of enabling such an autonomous environment of insight
generation.

The practical implication of this research is valuable for organizations aiming to be-
come more data driven, especially at an operational level, where the priority to support by
the technical department varies. As such, the contribution of this paper is threefold. First,
this research adds to the knowledge on SSBA by identifying the institutional influences
that shape the SSBA environment. Second, organizations that have adopted self-service
analytics can better understand how their employees answer a question or solve a problem
hence can improve the environment and optimize it for maximum value. Third, it investi-
gates the role of sense-making in an analytical environment characterized by business user
independence and contributes to a rather important and growing literature.

2. Self-Service Business Analytics (SSBA)

There are different user groups of business analytics (BA) based on their interaction
with BA and decision-making [11,14,15]. User groups are, for example, information con-
sumers, analysts, or BA specialists. Alpar and Schulz [11] and Sulaiman et al. [15] label
analysts and BA specialists as power users. Power users have the ability and technical
skills to set up and run BA efficiently, involving the access and use of data, visualizing
data for decision-making, and analyzing its content. Information consumers consist of
operational employees, managers, and executives who are defined as casual users as op-
posed to power users, since they do not have similar technical BA skills. Instead, casual
users often use pre-defined reports or dashboards when making decisions [11,15]. The aim
of implementing SSBA is to achieve a BA system that offers the ability for casual users
to use BA without support from power users. Casual users should be able to access and
use data, use pre-defined reports, or create new reports by themselves, and analyze their
content when making decisions more freely compared to traditional BA. Therefore, SSBA
users will be more self-reliant and less dependent on power users. SSBA is defined as:
“The facilities within the BA environment that enable BA users to become more self-reliant and
less dependent on the IT organization. These facilities focus on four main objectives: easier access
to source data for reporting and analysis, easier and improved support for data analysis features,
faster deployment options such as appliances and cloud computing, and simpler, customizable, and
collaborative end-user interfaces” [16]. Even though SSBA offers many benefits compared to
traditional BA, implementing and utilizing it is not as easy as expected [9,11,17–20].

There is relatively limited research literature available concerning SSBA. The latest
research on SSBA presents findings on challenges associated with implementation and
usage of SSBA [16,17,19]. Accessing and using data is frequently mentioned as a challenge
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to manage in order to make SSBA efficient. Eckerson [17] argues that implementing SSBA
is more complex than it looks. Research by Weiler et al. [21] has shown that user uncer-
tainty also has a negative impact on the introduction of SSBA. The reasons for uncertainty
can be due to ‘hard factors’ (e.g., a lack of technical skills and capabilities) and by ‘soft
factors’ (social dynamics, fear of AI and non-transparency). Further research has identified
challenges that can be summarized in the groups ‘Access and use of data’ and ‘Self-reliant
users’ [22]. Access to the data depends on the data governance policies of a company.
Clarke et al. [23] described a framework with which companies can assess the maturity of
their SSBA environment and how strict their data governance guidelines are in relation to
it. With this focus, the authors underline the importance of the right degree of freedom for
an SSBA environment. Imhoff and White [16] also describe in their study how important
the right balance of freedom and control of data analysis is for successful SSBA.

3. An Institutional Perspective

To study SSBA, we draw on institutional theory. Institutional theory is concerned
with the influences that shape social and organizational structures, schemas, rules, norms,
routines and ultimately the behavior of social actors [24,25]. Robey and Boudreau [26] point
out institutional theory as a suitable theoretical perspective to inquire into organizational
change that are enabled by IT. Scott [27] indicates that an institution comprises of cognitive,
normative, and regulative structures and activities that offer solidity and value to social
behavior. Cultures, structures, and routines are three driving forces of institutions, and
they function at numerous levels of jurisdiction.

Regulative elements emphasize activities such as setting rules, monitoring, and sanc-
tioning. Normative elements present a didactic, appraising, and mandatory dimension into
social life. Cultural-cognitive elements underline the shared understanding that represents
the attributes of social reality and the structure through which meaning is made [28]. Stud-
ies on the relationship between institutions and organizations show that the institutional
environment and organizational fields determine and affect business strategies and related
objectives, beside organizational structures and processes [24,27,29–33]. This is especially
true of the institutional environment and organizational field of the IT sector, which is
characterized by numerous, complex, equivocal global regulations, and a multifarious web
of normative and cultural-cognitive influences on environmental sustainability.

In connection to SSBA, the three pillars of institutions impact the success of SSBA,
since it is considered an individual effort for an organization wide solution. That is, each
individual invests in being independent and data driven to become a micro analytical
unit within the wider spectrum. However, each individual is governed by the institutions
mentioned earlier.

This study explores how SSBA—an approach to business analytics—can support the
regular non-expert IT users in responding to situations to make informed decisions, with
a special focus on sense-making as a central concept. The institutional environment and
organizational field provide information to organizations in the form of regulative signals,
normative signals, or cultural-cognitive signals. The theoretical proposition underpin-
ning this study is, therefore, if SSBA is employed by organizations to address problems
of compliance with regulative, normative, and cultural-cognitive obligations and social
responsibilities, caused by complex and equivocal information from the institutional en-
vironment, then such technological approach will need to support sense-making. These
interpretations are then enacted, i.e., shaped by the beliefs of organizational actors (which
are in turn a product of organizational culture, identity, and strategy), and then applied
for sense-making [13]. Such sense-making activities therefore (i) provide a context for
organizational decision making by identifying problems and opportunities; (ii) help to
identify knowledge gaps in terms of the organization’s strategy, processes, and products,
triggering the creation of new knowledge and capabilities; and (iii) facilitate organizations
to learn from the outcomes of action taken [13,34]. SSBA represents a personal effort of
the user to be independent, and therefore it builds up on the idea that the user would
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assume responsibility and will use personal capabilities, personal time, and personal re-
sources. Since SSBA is very subjective, sense-making is elevated because the user is no
more dependent on the experts from the IT department in performing a task. With this
independence, personal sense-making for the user becomes higher, and the dependability
on the experts becomes lower. The user is accountable for all sorts of outcomes since they
are the one who applies all their knowledge and performs the action independently. Due
to the relationship between low dependency and high sense-making, it becomes important
to better investigate how sense-making occurs within a self-service business analytics
environment so that we develop a better understanding of the process.

Moreover, since SSBA is an approach to analytics, it may enable dynamic capabilities
such as sensing, seizing, and transforming [35]. Sensing capability allows the users to
identify and assess the analytics opportunities, whereas seizing refers to the organization
of analytics resources responding to the opportunities. The transforming capability enables
the users to manage analytics knowledge that may result in renewing the organization and
its business model.

This paper posits that, given the complexity and equivocality of the environment,
sense-making needs to be enabled by an information system(s)—in this scenario, an SSBA—
if the organizational outcome of data-driven sense-making is to be achieved. Figure 1
presents our conceptual framework regarding the relationship between sense-making and
SSBA using institutional theory.
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4. Method

This study aims to unfold how data is transformed into insights in an SSBA envi-
ronment where users need to deal with technology and analytical tools. We adopted
a qualitative interpretive perspective, as the approach is applicable in exploring socio-
technological phenomena and acquiring a deep understanding from the perspective of
the participants in their real environment [36]. The qualitative approach is also useful in
investigating a particular context in which participants act [37]. To address the aim of this
research, it was important to investigate an organization who has adopted SSBA as an
approach to data analytics, has a rather established ideology for data and analytics use in
decision making, and has a business model dependent on the use of data in day-to-day
activities.

4.1. Case Organization

As our case organization, we selected Finn.no, a top digital marketplace in Norway.
The organization met our selection criteria. Finno.no’s digital platform and services are used
by buyers, sellers, and market intermediaries to perform business transactions. Both private
and public agencies use Finno.no as a central data repository, as agencies continuously
send requests that contains several statistical analysis and statistical reports. Moreover,
prominent sellers often request reports from the marketing and sales department about
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their advertisement reach and investment value. As the ad-hoc requests from external
customer increased, the management of Finn.no decided to create a more data-driven
organizational environment in 2010 so that employees could become more independent by
easily accessing and analyzing business data to perform their daily tasks. To develop the
environment, the SSBA approach was adopted to maximize the employees’ capabilities.
The SSBA approach enabled the employees to handle external customers’ request on time,
as well as fulfill the employees’ personal needs for timely information.

The IT department is responsible for the maintenance of SSBA tools, applications,
and the platform in general. The IT staff creates data models, modifies data models, and
manages user access throughout the platform. Often, the IT staff interacts with other
employees in case of assistance, training, or any needed modifications in the data models.
Finn.no aims to empower employees to create reports and dashboards through accessing
the data warehouse, combining several data sources data (creating mashups), and exporting
previous reports to other formats (such as Microsoft Power Point and Microsoft Excel)
(Microsoft Co., Ltd.: Washington, DC, USA).

4.2. Data Collection

Data collection at Finn.no took place between 2016 and 2019, in Oslo, Norway (this
needs to reflect the continuous involvement through different channels such as phone,
Skype and others, which enabled us to keep a close eye on the changes occurring in the
organization).

We used three methods to collect our data: interviews, participant observation, and
document analysis. First, 22 (17 unique) interviews were conducted with employees work-
ing in different departments such as sales, marketing, insight, and product development.
All our interviewees were selected based on their involvement with data in their daily
activities. For example, in the product development department, the main activity of
its staff is centered around developing the service platform the organization offers to its
customers. Their tasks are highly based on using data and drawing insight and knowledge
originating from the customer use of the service platform, and using that knowledge to
optimize, develop, and fine-tune the service offered.

Second, participant observation was an important source of information, as we ob-
served our participants in their real setting and how they used differed tools in conjunction
to produce knowledge and draw insights. We observed 7 employees interacting with the
self-service environment to solve a problem, answer a question, or accomplish a task. This
enabled us to document the process they go through and what factors affecting this process.

Lastly, we asked the subjects involved in this study to provide us with documents
involving real cases of problem identification and solving processes followed, as well as
other documents related to the organization itself. This included a significantly important
number of documents not limited to but including internal meeting memos, presentations,
and internal survey results.

4.3. Data Analysis

Text data is the major and dominant source of evidence for this study. Therefore, a
data analysis technique was used that can go beyond classifying and categorizing text
based on language intensity and similar meaning [38]. We followed the Miles et al. [39]
qualitative data analysis framework for this research. We chose their framework due
to their conceptualization of qualitative data analysis. The framework describes three
simultaneous activities to gain knowledge from empirical material (see Figure 2). These
simultaneous activities are in line with the idea of concurrency between the activities until
findings are produced.
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First, data condensation refers to “the process of selecting, focusing, simplifying,
abstracting, and/or transforming the data that appear in the full corpus (body) of written-
up field notes, interview transcripts, documents, and other empirical materials.” [39]. This
step helps us in developing a general idea of the main concepts and points raised during
the interviews and grouping them into more specific categories such as institutions, sense-
making, and data analytics. Coding was performed in this step where both researchers
used concepts and codes previously agreed on, and were encouraged to introduce new
ones if required.

Second, data display is defined as “an organized, compressed assembly of information
that allows conclusion drawing and action” (Miles, Huberman and Saldana) [39]. In
this activity, previously coded text was further analyzed, categorized, and organized
in a more abstract view while maintaining the main findings and relevant information.
In this step, sharper and more precise understanding was developed, and relationships
between concepts were identified, such as the relationship between institutions and sense-
making, and the relationship between problematization and question formulation, as will
be explained later.

Third, the process of conclusion drawing involves the interpretation of the findings
and the implication of the interpretations for the questions at hand. Conclusion drawing
refers to revisiting the data as many times as possible to verify the emergent conclusions.
This process aims at finding some patterns and trends within the data. In this last process,
we used our findings to confirm what has been found in literature while expanding some
concepts and adding more depth to our understanding within the context of our study.

5. Findings
5.1. Institutions in Enabling Analytics

Before engaging in analytics through data questioning, employees are affected by
several factors that might enable or prevent initiating the process, such as the way in which
we think, our motives, our willingness to serve ourselves, and being data-driven in our
decision-making. Institutions are such factors that have a power and influence on making
the first step towards solving a problem in a self-service way.

In an organizational context, employees operate surrounded by an internal culture and
organizational institutions that dictate how things should be conducted and what processes
need to be followed. It also dictates what is acceptable and what is not, including the way
in which decisions are taken. To that extent, data driven ideology within the organization
boundaries can have a significant effect on how decision are backed up by analytics and
numbers.

This is not the only institution that has this effect. Personal institutions also play an
important role in the willingness to approach data questioning and analysis. Employees
who are not ideologically driven by facts—based on data and exploration of alternatives—
usually rely on past experiences and gut feelings, as highlighted by one interviewee: “You
need to kind of have the numeric mind set and not everybody has that kind of approach and mind
set so it varies a lot.” (BDx), “you are kind of curious about understanding and it kind of depends
maybe I can kind of solve or extract and analyze data myself ” (BD), “Way of thinking; I think it’s
very important” (BDy).

Personal relationships or social presence proved to be an important element describing
the way in which employees socially interact during the process of problem solving. These
personal relations are built up by the ability to socialize with others who share similar
institution, leading to a social network of social institution: “try really to be data driven and
challenge others being data driven at my unit and also we work a lot cross-rational so trying to get
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them to be fact-based and data driven” (BDz), “think it’s much on a cultural side so people do not
take decisions by kind of a gut feel and if they are used to kind of doing that and it’s often when they
do work with product development” (BDz).

Even when asked about the importance of organizational institutions, such as having
a data driven ideology and the employee’s alignment with the organization vision to be
data driven in most of the decisions made, a recruitment specialist answered “Yeah, but I
think there’s always socially active is important, but data driven is always more important”(HR),
“being data driven or how you work and how you prefer to work is always more important than if
you’re going to attend the beer on Friday’s or if you want to have an extra cup of coffee after lunch;
it’s always the work itself and how driven you are; it’s always more important” (HR).

5.2. Analytical Sense-Making

The process of converting raw data into insight is nontrivial. It includes a series
of recursive activities characterized by continuous refinement until a desired outcome is
reached. It all starts with the identification of a problem (problematization) or opportunity
originating from the exploration, exploitation, and observation of the data available: “we
can see if we can drop in leads last week. Then it’s I kind of question to kind of find out okay why
has that turned off marketing and did we have any problems at the site? Have we done anything
that should kind of give that result and that’s the example” (BDy) “I’m interested in an explanation
of why is that? So, we look at the numbers and try to find a qualitative explanation based on the
facts” (BDy).

After formulating a concise understanding of the task, a statement in form of a question
is developed to serve as basis for further data analysis. The answer to this question
constitutes the final goal and the solution to the task at hand: “I think it’s asking questions,
getting them to dig deeper in understanding the problem”; “we noticed that there is a drop or there
is something wrong there and then after that what we did is you tried to investigate why is this
happening through a list of hypothesis or questions that we will need to address” (BDz).

The employee then starts an initial analysis of the task where business knowledge and
analytical capabilities play an important role in highlighting the needed data sources that
act as base for evidence and further data analysis. “Looking at the data to understand how it
kinds of develops in relation to the question.”, “and then it’s like what kind of data do we have to use
. . . and maybe we have sufficient data”.

To analyze the data, an employee uses different tools in conjunction to structure the
required data in a valuable way laying the ground for the analytics phase: “we also use
tool X and tool Y to slice and dice data from related to an ad. However, on the demand side it’s
much more on web statistics. It’s kind of understanding the traffic flow of the website” (BDq).
Interestingly, not all data are quantitative and represented in numbers. Qualitative data
in form of surveys and interviews are sometimes used and mixed with quantitative data
to bring a different perspective on the problem at hand: “used tool X and tool Y data to
understand what kind problem we have? And combined that with more qualitative data based on
surveys” (BDq).

Once all data is collected, including quantitative and qualitative, an employee initiates
an analytical process in which several analytical activities, including but not limited to a
comparison between data and what a problem states, developing potential answers, sorting
answers based on appropriate solutions then sharing them with colleagues either from
business or IT departments: “I sit and play with data and looking for some answers to solve
questions and when I think have sort of found something, I usually share it with one of the guys
sitting next to me” (BDr); “then what I have done is I have sorted the potential solutions and
compared them to what the dealers say themselves” (BDr).

After several iterations (if required), an initial answer to the question is formulated and
an evaluation is conducted. The evaluation includes mapping an answer to the question
and seeking support (business or technical in case needed) to decide whether the solution
is optimal and accepted or if it needs further analysis: “we want to test out and get more
feedback and see if we are going to do some changes or adjustments in the design and the content
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of the functionality.” (BDs). The evaluation process is also complex. The employee at this
phase has developed an initial answer to the question and transition to the evaluation
step, which is developed through revisiting the problem itself, the data used to develop
the answer, and the analysis performed. “We have to evaluate if the problem that we defined is
actually a problem based on the questions we are asked and the analysis we have done and also that
if we don’t find a good explanation or some causes for this kind of situation or problem we can try
to consider if this actually is a problem.” (BDs). In some cases, another iteration is required
for different reasons, such as what was measured is incorrect and the answer is not precise
or well-articulated. “We actually concluded is that we should measure something that we don’t
measure” (BDx).

5.3. Analytical Support

While answering a question initiates a process with several iterations of problematiza-
tion, data access, analysis, and evaluation, the complexity of a question demands further
support. There are two types of direct support involved: business support, and technical
support. Technical support compensates the technical capabilities gap employees face dur-
ing problem solving. This gap might be present when exploring available data or choosing
the suitable data source to perform analysis. “One would be just getting help extracting or
manipulating the data or just getting the tie to do it. Let’s say I have this problem, I think the
solution is like this and they kind of develop or prove the content and we can work together on
that.”(BDs), “this Friday actually I sat down with one of the guys at Insight and we discovered that
the data we have is unusable” (BDt).

It is also present when employees are actually engaged in the analytical phase, where
connections between different data sources are set up and the choice of the right analytical
tool/technique has to be chosen to fit the used data. “if I do more complex analysis; I try to go
back and ask them what’s wrong with what I have done so that they could pinpoint or try to look
at my stuff and see if I have done anything that doesn’t make sense” (BDt); “In the cases where
don’t know how to try to find answers we usually involve the Insight department because they have
competence in doing market analysis, doing service, doing web analysis” (BDu).

Business support is just as important as technical support. The process starts with
problematization, which in certain cases is not trivial. Business support should be available
in complex situations due to the variability of the employee’s business experience and
knowledge. Problem formulation and question development require a deep and valid
understanding of the information gathered regarding the business. “I think it’s also to get
the understanding of it’s more than just insights; what’s happening on the business side, what’s
happening on the competitive side like getting more the holistic perspective of the marketplace?”
(BDs), “Are there any products that we sell to our current people and the pricing manager in my
department and there I really challenge him to kind of understand what’s going on there and use
that data” (DBs), “we try to work together as a team and solve these tasks together and we also have
other departments that we can involve. We have . . . ” (BDw).

While exploring the data available and mapping it to the question at hand, the em-
ployee may face some difficulties during evaluation: “get some inspiration and maybe some
recommendations on how we can . . . what kind of approaches we can use in order to try to under-
stand the problem” (BDw).

6. Discussion

In this paper, we set out to identify the institutional influences in an SSBA environment
and explain how such influence shape the environment and support data analytics.

6.1. Theoretical Implications

As presented in our findings, we have explored sense-making and described its inner
working in relation to data analytics. The process starts with the identification of the
problem or opportunity. As a means of illustrating, an employee scans the current data
available looking for an irregularity, such as a drop in a graph or an unexpected increase in
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a specific Key Performance Indicators (KPI). This event triggers the employee in trying to
understand the reasons of this event, eventually leading to a question formulation (e.g.,
why there is a drop in traffic, or how to maintain a certain KPI level increase). The next step
is exploration in more details. The variety of the data sources available might be challenging
for the employee, because the most suitable data sources should be first identified [40] and
later connected to in order to obtain a full and comprehensive view of the situation. In
certain cases, and depending on the complexity of the question, technical support is crucial.

In the analytics phase, the employee starts formulating incrementally an answer to the
specific question using the available data. This step is coupled with mental efforts, analytical
and technical capabilities [41]. The outcome of this phase is a relatively satisfactory answer
to the question. The term “relatively” denotes the need of this specific answer to undergo
an evaluation phase, which often requires business support to decide either the answer
addresses the question, or it needs another iteration.

Lastly, the answer is assessed during the evaluation phase. It includes the formulation
of a needed course of action and whether a complete clarity of the solution is available
by consulting business colleagues within or across departments. In case the answer is
not satisfactory, the employee reinitiates the problematization phases and revaluates the
question. In all three phases, sense-making plays an important role, and acts as the encap-
sulating medium through which the employee initiates a phase, transitions to the next, and
concludes the process. Sense-making also manages the effect of institutions on the analytics
process. It basically provides information on what are the norms, rules, regulations, and
the socially constructed ideologies within the organization that influence the data analytics
process. For example, if the employee identifies a problem or an opportunity, what are the
dominating norms and actions needed? Should it be discussed in group, or it can be an
individual effort? Moreover, if the employee needs either business or technical support,
should it be through the formal channels or it can be through a socially constructed routine
(See Figure 3)?
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Institutions are one of the most important factors governing the process of data
questioning in a self-service environment. As has been highlighted in many studies,
institutions are humanly devised rules, beliefs, and norms that control our actions [42].
They are considered “the rule of the game” [43] that generate our actions and make them
acceptable to others. In this study, we define Personal Institutions (PI) as our willingness
to engage in a self-service task, our preference to be fact driven, and to what extent we
are willing to go to be more informed in our decisions. In the same vein, we define
Organizational Institutions (OI) as those institutions that are present within the boundaries
of the organization. They define how to do things: how we reach out for support, and
what is acceptable and not. The interplay between these two institutions is complex, and
together governs the way we process data to answer a question. For instance, personal
institution may prevent the employee of initiating the phase of data questions by affecting
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our perception on the value of being self-served and data driven. Moreover, organizational
institutions have the potential limit our use of data, especially in organizations (as well
as specific departments) where gut feeling, and past experience are generally acceptable.
Finally, Social Institutions (SI) are also an important governing factor whenever support is
needed, hence affecting the overall phase of data questioning. SI are those norms and beliefs
related to our social presence and behaviors within an organization that we share with
other employees. For example, do we ask for support through the formal channels, or do
we initial our request over a cup of coffee (informally)? Is it acceptable for us and by others
to show that we failed in answering a question in a meeting, even though the organizational
institutions accept such things? PI, OI, and SI are highly related, and collectively govern
the process of data questioning; however, it is not our intention to explore how those
institutions interact on a detailed level.

6.2. Practical Implications

The fundamental idea of having a self-service environment is to promote user’s
independence [7] and democratize analytics; however, we cannot disregard the need
for support. The independence in a self-service environment is highly dependent on
employees’ capabilities and of questions complexity. Our research has identified two types
of support: technical support, and business support. When a user starts problematizing
and formulating a question, a concrete understanding of the business problem is a must. In
certain cases, the employee needs consultation or business support on the actual problem
to understand its origin or validity. The problem may be presented due to other actions
or new deployed services. Business support is also needed sometimes when evaluating
the proposed answer to the question. When employees define a problem and explore the
available data, they start developing an answer in the analytics step. The outcome is a
reasonable and logical answer to the question; however, sometimes doubts are also present,
making business support important to evaluate whether more work is needed.

7. Conclusions

In this paper, we have investigated SSBA environment from a sense-making perspec-
tive by addressing the following research question “How can we describe the interplay
between sense-making and institutions influence in the context of SSBA?” Through our
empirical findings, we have highlighted three main phases, namely problematization,
question formulation, and analytics. The three phases are encapsulated and managed by
sense-making, as it acts as a medium between institutions and the inner process itself. It
is also important to understand that that institutional logic needs to provide the neces-
sary grounds for employee empowerment, while sense-making is the manifestation of
this empowerment at the individual level aiming for greater value for the organization.
The institutional logic is manifested in the organizational level, while sense-making is
at an individual level, which is in line with our argument that SSBA is subjective to the
individual.

As such, this paper contributes to sense-making theory by investigating a growing
trend in business analytics and highlighting the sense-making role in connecting institutions
with SSBA analytical process.

Future studies may investigate the sense-making mechanisms responsible for con-
trolling and enabling the relationship between institutions and each phase within SSBA.
Moreover, there is a need to test if our model can be applied to different industries including
the processing industry and transport and manufacturing.
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