International Journal of Business Intelligence Research
Volume 17 « Issue 1 * January-December 2026

Data-Driven Government
Agencies in Sweden

Mikael Berndtsson
http://orcid.org/0000-0001-8362-3825
University of Skovde, Sweden

Karin Garcia Ambrosiani
http://orcid.org/0009-0008-8205-4905
Independent Researcher, Sweden

Niclas Olofsson
http://orcid.org/0000-0002-8018-7594
Mid Sweden University, Sweden
Received: March 19th, 2026 | Accepted: July 8th, 2026

ABSTRACT

Data-driven government agencies frequently rely on using analytics (descriptive, predictive,
prescriptive) together with high-quality data. A common benefit of being a data-driven agency is the
ability to make informed decisions. Previous research has provided findings from case studies and
small sample surveys that mix different types of organizations, e.g., municipalities and government
agencies. Hence, it is difficult to generalize for an entire segment, e.g., government agencies, on what
they do in practice to become more data driven. This paper aims to investigate what government
agencies in Sweden do in practice to become more data driven. Data was collected from 137
government agencies via a web-based questionnaire, and analyzed with respect to current practices,
systematicity, and strategies. The findings are that most government agencies are not characterized
as data-driven, lack systematicity in using analyzed data in decision-making, and mostly develop
strategies for technical platforms and data.
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INTRODUCTION

A data-driven organization is often characterized as one that frequently utilizes analytics
(descriptive, predictive, or prescriptive) in its decision-making processes. Benefits of being a
data-driven organization include, e.g., improved decision-making and performance. Brynjolfsson
et al. (2021) investigated over 30,000 American manufacturing establishments and concluded that
“... productivity is significantly higher among plants that use predictive analytics—up to $918,000
higher sales compared to similar competitors.”. Hence, as government agencies collect vast amounts
of data, they have the potential to improve their decision-making and performance by frequently using
analytics. This is also highlighted by van Donge et al. (2022), “Government agencies are becoming
more data-driven and need high-quality data to fulfill their roles in society.”.

Previous research on the usage of analytics has been done mainly in the private sector, e.g.,
LaValle et al. (2010) surveyed around 3000 business executives, managers, and analysts from 108
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countries. However, only 5% of the respondents came from the public sector. Similarly, Wavestone/
NVP (2024) surveyed over 100 organizations regarding the usage of analytics and Al, only three
organizations came from the public sector (government agencies). On the other hand, research on
analytics and the public sector is mostly done by bundling together different levels of organizations in
the public sector, e.g., municipalities, regions, and government agencies, e.g., (Langseth & Haddara,
2024; van Veenstra et al., 2020), or by case studies, e.g., (Choi et al., 2021). Hence, there is a research
gap on the usage of analytics in the public sector on a broader scale.

The OECD definition of digital government is understood as “the use of digital technologies, as
an integrated part of governments’ modernisation strategies, to create public value” (OECD, 2014).

According to the OECD Recommendation of the Council on Digital Government Strategies
(OECD, 2014), the concept of digital government represents a fundamental shift in the way
governments around the world are approaching their missions. The way of becoming a digital
government involves a shift from setting measurable administrative goals and making data-driven
decisions to ensure greater accountability and transparency. Governments need to leverage the power
of information technologies in new and innovative ways. From automation and digital government
platforms to IoT-connected-cities, governments are using technology to improve their services and
the lives of their citizens. Governments have implemented digital platforms that allow citizens to
access government services from the comfort of their homes and are using large quantities of data
and sophisticated analytics to support decision-making and facilitate two-way communication with
their citizens.

This paper aims to investigate what government agencies do in practice to become more
data-driven. In particular, we focus on:

i) Current practices of being data-driven and providing access to high-quality data. Being
a data-driven organization relies on using analytics in practice, together with high-quality data
for making a good analysis of the data. The OECD (Organisation for Economic Co-operation
and Development) organization has provided the public sector with several recommendations
on data and information management and how to become more data-driven (OECD, 2019b).
Underpinning the recommendations is a strong focus on data governance.

ii) Systematicity in collecting and analyzing data, rather than taking an ad hoc approach. Medeiros
and Magada (2022) highlight systematicity in their definition of a data-driven culture, and argue
that it results “... in systematic ways to create, gather, consolidate, analyze the data and make it
available to the right public”. Hence, government agencies must be systematic in their collection,
analysis, and use of data for decision-making.

iii) Strategies for becoming more data-driven. A data-driven culture relates to the entire
organization (Gupta & George, 2016; Herden, 2020; Medeiros & Magada, 2022). Furthermore,
Mazzei (2016) argued that without strategies, the scaling of analytics tends to be rudderless.
Hence, data-driven government agencies should have strategies in place for scaling and cultivating
the usage of analytics throughout the entire organization.

In this paper, we investigate 137 Swedish government agencies to understand what they do in
practice to become more data-driven. The findings from the investigation can then be used as a stepping
stone to discuss what can be done to improve the current situation. The Swedish context is interesting
to investigate since data-driven decision-making is mentioned in the Swedish digitalization strategy
(Regeringskansliet, 2025): “Public administration should use data to drive innovation, improve
societal benefit, streamline its operations, support data-driven decision-making and strengthen
collaboration between government agencies, municipalities, regions and other actors”. (Translated
from Swedish).

The remainder of the paper is structured as follows. We first introduce related background on
data-driven organizations and the OECD recommendations for a data-driven public sector. Next, we
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describe our research approach. Then we present and discuss our findings. Finally, conclusions are
presented.

BACKGROUND

Halper and Stodder (2017) define a data-driven organization as “... data-driven when it uses data
and analysis to help drive action—even if that action is a deliberate inaction.”. In conversations with
practitioners, we noticed that several of them assume that a data-driven organization implies automated
decision-making. However, automated decision-making is one special type of prescriptive analytics.
An organization can be characterized as data-driven without having implemented automated decisions.

According to OECD, “Governments can achieve considerable benefits and productivity gains
through better allocation and management of money, time, human resources and materials from
sharing data and embedded data analytics in their processes.” (van Ooijen et al., 2019). To support
a shift to a data-driven public sector, OECD introduced a framework for a data-driven public sector
and a government data value cycle.

The OECD framework for a data-driven public sector consists of three components (OECD,
2019b): 1) data governance, ii) using data to create public value, and iii) creating public trust in data.
This framework is also tightly connected to a government data value cycle introduced in (van Ooijen
et al., 2019) that consists of four phases: i) collecting and generating data, ii) storing, securing, and
processing data, iii) sharing, curating, and publishing data, and iv) using and reusing data. The
government data value cycle is very similar to definitions of Business Intelligence & Analytics, e.g.,
“a broad category of technologies, applications, and processes for gathering, storing, accessing, and
analyzing data to help its users make better decisions” (Wixom & Watson, 2010). Analytics usage
is related to the second component in the framework and to the fourth phase of the government data
value cycle.

Analytics is often categorized into (Delen & Ram, 2018; Watson, 2013): descriptive, predictive,
and prescriptive. Descriptive analytics is considered entry-level analytics, and predictive and
prescriptive analytics are referred to as advanced analytics. Analytics can be applied to decisions
on operational, tactical, and strategic levels. The reported benefits of using analytics are improved
decision-making and competitive advantages (Bange & Grosser, 2022; Davenport & Harris, 2017;
LaValle et al., 2011; McAfee & Brynjolfsson, 2012).

Figure 1. A sample framework of a data-driven organization adapted from (Berndtsson et al., 2023)
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Figure 1 describes what happens in practice when an organization is data-driven. The process
starts with a problem or question that needs to be analyzed, and related data is identified. Several
organizations have experienced that new data needs to be collected, due to the problem/question.
Once related data has been identified, the organization uses its analytics capability in terms of tools,
platforms, analytical expertise, and end-users to derive an answer/insight to the original problem/
question. This allows the organization to make an informed decision on the next steps. As can be
seen, the flow is straightforward and overlaps with previous process models that use analytics, e.g.,
CRISP-DM (Cross-Industry Standard Process for Data Mining) (Wirth & Hipp, 2000). However, we
have encountered end users in organizations who have noticed that shortcuts are taken, e.g., looking
for patterns in data without having an initial problem/question, or simply bypassing most of the steps
and using no analyzed data in decision-making.

The “strategy boxes” in Figure 1 indicate that strategies are needed for improving the usage of
analytics. This includes, e.g., strategies for improving data quality, selection of platform and tools, or
how to organize analytics competencies. Furthermore, strategies are important when organizations
intend to scale analytics usage within the organization (Berndtsson et al., 2023). Without strategies in
place, the organization has no plans for how to, e.g., improve data quality or increase decision-makers'
skills in interpreting analytics results.

RESEARCH APPROACH

Our investigation is exploratory, since we have not come across any similar nationwide surveys
on being a data-driven agency. Data was collected with a web-based questionnaire distributed to 176
Swedish agencies, between late November 2024 and early March 2025. We received a 78% response
rate, as 137 agencies responded.

The questions used in this paper are shown in the appendix and were part of a bigger survey (Digg,
2025). In this paper, we used questions from two categories: i) data-driven questions, and ii) data/
information questions. The questions focused on what the agencies do in practice with tasks related to
being data-driven and having good data/information management. The survey questions were derived
from previous literature. The data-driven questions were inspired by previous questionnaires, e.g.,
(Halper & Stodder, 2017; LaValle et al., 2010), and a sample data-driven framework in (Berndtsson
et al., 2023). The sample framework was used as a basis for questions related to developed strategies
for being data-driven. Questions related to data/information management were inspired by (OECD,
2019b; van Ooijen et al., 2019).

As the concept of being a data-driven agency can be new to some respondents, an explanation
of what we meant by being a data-driven government agency was included in the survey:

Being data-driven is about the ability to manage and use data for different types of purposes.

These purposes can range from using data as an important source for strategic decisions, to

evaluating how digital services perform, to using data for different types of analyses of both

operations and the world around us, to actively and with high availability sharing data for
the benefit of other public and private actors. Managing data in a correct and secure manner
is central to a data-driven public sector, and requires, for example, information security
classification and structuring data in a way that makes it possible to understand both risks and
opportunities in a simple, uniform and effective way. What it means to actually be a data-driven
administration spans several different areas such as expertise in technology, digitalization and
public administration, but also understanding and visualizing data. Management's understanding,
interest and willingness to work data-driven are also important components. (Translated from

Swedish)

Furthermore, short explanations of descriptive analytics, predictive analytics, and prescriptive
analytics were also provided to the respondents.
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Figure 2. Index calculation step 1

Question Answer altematives Answer Point
Towhat extent doesthe Yes, we use the analysis Yes, we use the Other answers
agency use: form widely in the analysis form in parts

business of the business
...descriptive analyses asa
basis for decisions? 4 0 0 4 1
... predictive analyses as a
basis for decisions? 4 3 0 3 3
... prescriptive analyses as a
basis for decisions? 4 3 0 2 0

Indexvalue 0,67

To analyze the data, a data-driven index and an information index were developed. Figure 2
describes the first step of the index calculation for a question with three sub-questions and four
answer alternatives. The shaded cells are answer alternatives included in the index, and each answer
within the shaded area is worth 1 point. If someone has answered “not relevant” to a sub-question,
that sub-question is excluded from the “question index”. Similarly, if someone has answered “not
relevant” to an entire main question, that entire question is excluded from the calculation of the total
index. The index value for a given question is sum of points | number of subquestions.

In the second step, the total index is calculated by summing all the index values for each question,
dividing by the number of questions, and then multiplying by 100.

Sum of all index values
Total number of questions 1 00

Total index =

The indices were combined to plot the data distribution, and a 50-point threshold was used to
divide it into four quadrants. A 50-point threshold was chosen since it intuitively shows government
agencies that have collected more than 50% of the values for both indices. Furthermore, we analyzed
the systematicity in using analytics, and strategies for becoming data-driven. Hence, the first two
steps of the analysis cover the current situation in the agencies, whereas the final step on strategies
is more focused on what the agencies intend to do in the near future.

FINDINGS

In this Section, we present our findings from the survey of the Swedish Government agencies.
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Current Practices

Figure 3. Data-driven index vs information index. The number of agencies indicates how many agencies share the data point.
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It is common knowledge that analytics relies on good data governance and good data quality.
Without good information management, decisions are based on poor data. In Figure 3, we present a
four-quadrant matrix of the data-driven index and the information index with the following details:

e QI (4%, 6/137) represents organizations with a data-driven index higher than or equal to 50
and an information index below 50. These six organizations have made good progress by being
data-driven in practice, but are experiencing shortcomings with data governance, data quality, etc.

e Q2 (15%, 20/137) represents organizations with a data-driven index higher than or equal to 50
and an information index higher than or equal to 50. These 20 organizations have made good
progress by being data-driven in practice and have good data management. Hence, we categorize
organizations in quadrant Q2 as data-driven organizations.

o  Q3(59%, 81/137) represents organizations with a data-driven index below 50 and an information
index below 50. These 81 organizations are experiencing shortcomings in being data-driven,
data governance, data quality, etc.

o Q4 (22%,30/137) represents organizations with a data-driven index below 50 and an information
index higher than or equal to 50. These 30 organizations are not characterized as data-driven,
and have good data management.

As seen in Figure 3, most organizations are not characterized as data-driven and have shortcomings
in data governance, data quality, etc. However, 50 (20+30) organizations with an information index
higher than or equal to 50, outweigh 26 (6420) organizations with a data-driven index higher than
or equal to 50. Thus, the respondents have made more progress along the information axis, rather
than being data-driven.

In our survey, 49% of the Swedish government agencies characterized themselves as data-driven.
Previous surveys have reported 37% for mostly large North American organizations (Bean, 2025)
and 32% for mostly European organizations (Bange & Grosser, 2022); hence, Swedish government



International Journal of Business Intelligence Research
Volume 17 « Issue 1 * January-December 2026

agencies seem to have made good progress in becoming more data-driven. A limitation with these
figures is that they represent the respondents’ perception of whether they are data-driven or not.

Figure 4. Data-driven index vs self-estimation.

Characterized itself as data-driven

True False
Characterized itself as data- Does not characterize itself as data-
True  driven, andis data-driven driven, but is data-driven according
according to the index. to the index.
Datadriven  17% (23/137) 2% (3/137)
index Characterized itself as data- Does not characterize itself as data-
driven, but is not data-driven driven, and is not data-driven
False  according to the index. according to the index.
32% (44/137) 49% (67/137)

Figure 4 presents a confusion matrix where the agencies’ self-estimation of being data-driven is
compared with the agencies’ values from the data-driven index. In this self-estimation analysis, we
focus on what the agencies do in practice with tasks related to being data-driven, and assume that
they all have access to good data. According to Figure 4, the data-driven index and the respondents’
perception make the same assessment in 66% of the cases. Approximately 1/3 of the respondents
seem to overestimate, and very few underestimate their skills in being a data-driven organization.
According to the data-driven index, 19% (26/137) of the respondents are data-driven in practice.

Systematicity

We asked the respondents if they systematically analyze the collected data and use the
findings. This is important as it indicates how regularly organizations analyze and use data in their
decision-making.
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Figure 5. Systematicity in analytics.
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Figure 5 presents the share of organizations that responded that they performed the tasks
systematically. The organizations follow a declining pattern where not all collected data is analyzed,
and not all analyzed data is used as insights in daily decisions or future strategies. Although most of the
data is systematically collected, analyzed, aggregated, and insights from data analysis are distributed,
there is a clear drop in systematicity when the insights should be used in decision-making. Most
organizations have responded that they use an ad hoc approach to using insights in daily decisions
and in future strategies.

Figure 6. Systematicity in analytics per quadrant (Q1 n=6, Q2 n=20, Q3 n=81, Q4 n=30)
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Figure 6 presents the share of organizations that responded that they performed the tasks with
systematicity, broken down per quadrant. Quadrants Q1 and Q2, with a high data-driven index value,
share the same pattern with high systematicity in all tasks. However, quadrants Q3 and Q4, with a
low data-driven index value, differ.

e  Quadrant Q3, with low values on both the indexes, has much lower systematicity in collecting,

analyzing, and aggregating than the other quadrants. A deeper analysis of Q3 reveals that:

° 9% (7/81) do not collect data at all

o 17% (14/81) do not use the analyzed data in daily decisions

o 17% (14/81) do not use the analyzed data in future strategies

o 19% (15/81) are in the 40-49 range of the data-driven index, hence they are close to making
a shift to become more data-driven.

e  Quadrant Q4, with high values on the information index and low on the data-driven index, has
almost as high systematicity as Q1 and Q2 regarding collecting data. However, it follows a similar
declining path in systematicity as Q3. Most organizations have responded that they use an ad
hoc approach to using insights in daily decisions and in future strategies. A deeper analysis of
Q4 reveals that:

° 3% (1/30) do not collect data at all

o 17% (5/30) do not use the analyzed data in daily decisions

> 13% (4/30) do not use the analyzed data in future strategies

o 43% (13/30) are in the 40-49 range of the data-driven index, hence they are close to making
a shift to become more data-driven.

Strategies

Developing strategies for scaling the usage of analytics and becoming more data-driven is
essential. Without strategies, the scaling of analytics tends to be rudderless (Mazzei, 2016).

Figure 7. Strategies developed, adopted from (Berndtsson et al., 2023)

40%
37%

35%
30%
25% 24%
20%
15% 13% 14%.
10% 9%

) .

0%

Total
m Data quality u Technical platform m Organization of analytical competence
Integration and usage ® Increase user skills ® Document and spread insights

= No strategies
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Figure 7 presents the types of strategies the organizations had developed for becoming more
data-driven. Similar to previous research (Berndtsson et al., 2020), most organizations develop
strategies for technical platforms and data. Fewer organizations develop strategies for non-technical
aspects, e.g., increasing user skills in analytics. One-third of the organizations (45/137) do not have
any strategies for becoming more data-driven.

Figure 8. Strategies developed broken down per quadrant (Q1 n=6, Q2 n=20, Q3 n=81, Q4 n=30)

90%
83%
80%
T0%
60%
50% 50%
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Integration and usage o Increase user skills ® Document and spread insights
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Figure 8 presents strategies developed by the organizations to be more data-driven, broken down
per quadrant. Strategies developed follow a well-known trend by focusing on strategies for technical
platforms and data quality. Non-technical strategies tend not to be prioritized.

Organizations in quadrant Q3 stand out with 43% (35/81) having no strategies for being more
data-driven. In practice, it raises questions whether these organizations have any strategies in place
(somewhere else) for data quality or technical platforms.

Strategies for increasing user skills in analytics are frequently not prioritized. Organizations in
quadrant Q2 with high values on both indexes have the highest share 35% (7/20), of strategies for
increasing user skills in analytics. In contrast, only 9% (7/81) of the organizations in quadrant Q3
have similar strategies in place.

DISCUSSION

In this Section, we discuss our findings regarding current practices, systematicity, and strategies.
Our finding is that in practice, most government agencies are not characterized as data-driven,
and they have made more progress along the information axis, rather than being data-driven. Given
the strong influence over the years from organizations such as OECD and others that have emphasized
data governance, it is no surprise that government agencies are stronger in providing high-quality data.
Another finding is that all government agencies follow a declining pattern where not all
collected data is analyzed, and not all analyzed data is used as insights in daily decisions or future
strategies. Furthermore, we identified a clear drop in systematicity when the insights should be used
in decision-making. This was explicit for government agencies in quadrants Q3 and Q4, with low

10
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value on the data-driven index. A similar declining pattern can be observed in (LaValle et al., 2010;
LaValle et al., 2011). In a digital government review of Sweden, OECD (2019a) concluded that there
was an “... insufficient awareness among senior management and policy makers of the benefits of
data-driven initiatives and the insufficiently skilled human resources on data management and use.”.
Furthermore, OECD (2019a) recommended that a theoretical understanding of being data-driven
needed to be prioritized. We can only speculate if the lack of awareness and the lack of theoretical
understanding are the reasons why government agencies in quadrants Q3 and Q4 lack systematicity
in collecting and using analyzed data.

Most government agencies develop strategies for technical platforms and data. Fewer government
agencies develop strategies for non-technical aspects, e.g., increasing user skills in analytics. This
pattern is in line with previous research from the private sector (Berndtsson et al., 2020). We noted
that 1/3 of the government agencies do not have any strategies for becoming more data-driven, and in
quadrant Q3, 45% of the government agencies lack strategies for being more data-driven. In practice,
it raises questions whether these organizations have any strategies in place (somewhere else) for
classical strategies such as technical platforms or improving data quality.

In our survey data, we encountered a few organizations that had no intention to become
data-driven, as they did not see any benefits in using it. Hence, some organizations responded that they
did not collect and analyze data. Furthermore, 1/3 of the organizations did not have any strategies for
becoming more data-driven. According to Davenport (2018), these organizations can be categorized
as analytically impaired.

Low support from management and business resistance in general are common barriers in
organizations that are in the “no scaling” state, i.e., all government agencies that lack strategies.
To overcome these barriers, analytical champions need to consider low-cost activities since
management is not sponsoring any serious scaling. Examples of low-cost activities are university
courses, business seminars, discussing related textbooks (Bean, 2021; Davenport & Harris, 2017;
Dearborn, 2015; Dykes, 2020), and collaborating with universities and other analytics champions
in the organization. University students doing thesis projects can test and apply advanced analytics
related to the organization. In most cases, students will produce a demonstrator that can be aligned
with an overall business vision and showcased to management. Furthermore, analytical champions
can request organization-wide strategies for digitalization as an approach to raise management’s
interest in analytics.

Government agencies that intend to scale analytics beyond pilot projects need to develop and
implement both technical and non-technical strategies. Having no scaling strategies or only technical
strategies in place is a common shortcut (Berndtsson et al., 2020) that should be avoided. Sample
activities when scaling beyond pilot projects include improving data governance, organizing analytical
competence, establishing a data-driven culture in teams, and improving employees” skills in analytics
and data literacy. Although good data quality and data governance are mandatory first steps in a
scaling process, non-technical strategies can be deployed in parallel, e.g., raising skills in data literacy.

We classified government agencies in Q2 as data-driven. These agencies need to maintain
momentum and avoid the pitfall of drifting away from analytics once analytics champions on boards
of directors disappear (Davenport & Mittal, 2020). Data-driven organizations are in a position to
coach other organizations to be data-driven, participate in research projects, introduce career paths
in analytics, and host internal analytics conferences.

LIMITATIONS OF THE STUDY

The limitations of our study are twofold. First, there is a lack of prior research studies on the
topic of how to measure being a data-driven government agency that we can build upon. Hence, we
developed two indices as a first step. Finally, the data submitted by the respondents is self-reported,
which probably implies overestimation of skills in being data-driven (as seen in Figure 4). It also

1"
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means that there is no uniform process for the respondents to collect their answers. For example, some
organizations have discussed in groups how to answer the questionnaire, whereas other organizations
have (most likely) used 1-2 persons.

CONCLUSION

According to van Donge et al. (2022), government agencies are becoming more data-driven.
Signs of the desired shift to be more data-driven can be seen in earlier recommendations from the
OECD organization (OECD, 2019b; van Ooijen et al., 2019) and in the Swedish digitalization strategy
(Regeringskansliet, 2025).

The significance of our research is a nationwide perspective on what government agencies do
in practice to become more data-driven. Our findings are that most government agencies cannot
be characterized as data-driven, lack systematicity in using analyzed data in decision-making, and
mostly develop strategies for technical platforms and data. As of now, few government agencies
make a serious attempt to scale the usage of analytics in decision-making with suitable strategies.
Without proper change management, such as vision and suitable strategies, we anticipate that most
government agencies will struggle and have a rudderless navigation towards supporting the subgoal
“Public administration should ..., support data-driven decision-making..” in the Swedish digitalization
strategy (Regeringskansliet, 2025).

All types of analytics and generative Al rely on high-quality data and information management.
Thus, it is worrying that the majority of respondents had an information index below 50.

Future work includes following up on the 20 government agencies that have been characterized
as data-driven, and improving existing recommendations for scaling the usage of analytics.

ACKNOWLEDGMENT

We are grateful to the anonymous reviewers for their insightful comments and to the Swedish
Agency for Digital Government for their invaluable support throughout this work.

CONFLICTS OF INTEREST

We wish to confirm that there are no known conflicts of interest associated with this publication
and there has been no significant financial support for this work that could have influenced its outcome.

FUNDING STATEMENT

No funding was received for this work.

CORRESPONDING AUTHOR

Correspondence should be addressed to Mikael Berndtsson: mikael.berndtsson @his.se.

12



International Journal of Business Intelligence Research
Volume 17 « Issue 1 * January-December 2026

REFERENCES

Bange, C., & Grosser, T. (2022). BARC Data Culture Survey 23.

Bean, R. (2021). Fail fast, learn faster: lessons in data-driven leadership in an age of disruption, big data, and
Al Wiley.

Bean, R. (2025). Al & Data Leadership Executive Benchmark Survey.

Berndtsson, M., Jonsson, A.-C., Carlsson, M., & Svahn, T. (2023). A strategy for scaling advanced analytics.
Communications of the ACM, 66(12), 29-31. DOI: 10.1145/3582075

Berndtsson, M., Lennerholt, C., Svahn, T., & Larsson, P. (2020). 13 Organizations’ Attempts to Become
Data-Driven. International Journal of Business Intelligence Research, 11(1), 1-21. DOI: 10.4018/
IJBIR.2020010101

Brynjolfsson, E., Jin, W., & McElheran, K. (2021). The power of prediction: Predictive analytics, workplace
complements, and business performance. Business Economics (Cleveland, Ohio), 56(4),217-239. DOI: 10.1057/
s11369-021-00224-5

Choi, Y., Gil-Garcia, J. R., Burke, G. B., Costello, J., Werthmuller, D., & Aranay, O. (2021). Towards data-driven
decision-making in government: ldentifying opportunities and challenges for data use and analytics Proceedings
of the Annual Hawaii International Conference on System Sciences.

Davenport, T., & Harris, J. G. (2017). Competing on Analytics: Updated, with a New Introduction: The New
Science of Winning. Harvard Business Review Press.

Davenport, T., & Mittal, N. (2020). How CEOs Can Lead a Data-Driven Culture. Harvard Business Review
Digital Articles, 2—6.

Dearborn, J. (2015). Data driven: how performance analytics delivers extraordinary sales results. Wiley. DOI:
10.1002/9781119207559

Delen, D., & Ram, S. (2018). Research challenges and opportunities in business analytics. Journal of Business
Analytics, 1(1), 2-12. DOI: 10.1080/2573234X.2018.1507324

Digg. (2025). Uppfoljning av statliga myndigheters digitalisering 2024 — om data och Al (Dnr: 2024-7510).
https://www.digg.se/analys-och-uppfoljning/publikationer/publikationer/2025-06-24-uppfoljning-av-statliga
-myndigheters-digitalisering-2024

Dykes, B. (2020). Effective data storytelling: how to drive change with data, narrative and visuals. John Wiley
and Sons, Inc.

Gupta, M., & George, J. F. (2016). Toward the development of a big data analytics capability. Information &
Management, 53(8), 1049-1064. DOI: 10.1016/j.im.2016.07.004

Halper, F., & Stodder, D. (2017). What It Takes to Be Data-Driven. TDWI.

Herden, T. T. (2020). Explaining the competitive advantage generated from Analytics with the knowledge-based
view: The example of Logistics and Supply Chain Management. Business Research, 13(1), 163-214. DOI:
10.1007/540685-019-00104-x

Langseth, M., & Haddara, M. (2024). Spend analytics in Norwegian public procurement: adoption status and
influencing factors. In International Journal of Information Systems and Project Management (Vol. 12). DOI:
10.12821/ijispm 120201

LaValle, S., Hopkins, M. S., Lesser, E., Shockley, R., & Kruschwitz, N. (2010). Analytics: The New Path to
Value. M. S. M. Review.

LaValle, S., Lesser, E., Shockley, R., Hopkins, M. S., & Kruschwitz, N. (2011). Big Data, Analytics and the
Path From Insights to Value. MIT Sloan Management Review, 52(2), 21-32.

Mazzei, C. (2016). Fulfilling the promise of analytics. Analytics, (May/June), 36-41. DOI: 10.1287/
LYTX.2016.03.01

13



International Journal of Business Intelligence Research
Volume 17 « Issue 1 « January-December 2026

McAfee, A., & Brynjolfsson, E. (2012). Big data: The management revolution. Harvard Business Review,
90(10), 60-68. PMID: 23074865

Medeiros, M. M., & Macada, A. C. G. (2022). Competitive advantage of data-driven analytical capabilities:
The role of big data visualization and of organizational agility. Management Decision, 60(4), 953-975. DOLI:
10.1108/MD-12-2020-1681

OECD. (2014). Recommendation of the Council on Digital Government Strategies.

OECD. (2019a). Digital Government Review of Sweden: Towards a Data-driven Public Sector. DOI:
10.1787/4daf932b-en

OECD. (2019b). The Path to Becoming a Data-Driven Public Sector. DOI: 10.1787/059814a7-en

Regeringskansliet. (2025). Sveriges digitaliseringsstrategi 2025-2030. https://www.regeringen.se/rapporter/
2025/05/sveriges-digitaliseringsstrategi-20252030/

van Donge, W., Bharosa, N., & Janssen, M. F. W. H. A. (2022). Data-driven government: Cross-case comparison
of data stewardship in data ecosystems. Government Information Quarterly, 39(2), 101642. Advance online
publication. DOI: 10.1016/j.giq.2021.101642

van Ooijen, C., Ubaldi, B., & Welby, B. (2019). A data-driven public sector: Enabling the strategic use of data
for productive, inclusive and trustworthy governance (OECD Working Papers on Public Governance No. 33).
DOI: 10.1787/19934351

van Veenstra, A. F., Grommé, F., & Djafari, S. (2020). The use of public sector data analytics in the Netherlands.
Transforming Government: People. Transforming Government, 15(4), 396—-419. DOI: 10.1108/TG-09-2019-0095

Watson, H. J. (2013). All About Analytics. International Journal of Business Intelligence Research, 1(4), 13-28.
DOI: 10.4018/jbir.2013010102

Wavestone/NVP. (2024). Data and Al Leadership Executive Survey.

Wirth, R., & Hipp, J. (2000). CRISP-DM: Towards a standard process model for data mining Proceedings
of the 4th International Conference on the Practical Applications of Knowledge Discovery and Data Mining.

14



APPENDIX

Data-Driven Index Questions

International Journal of Business Intelligence Research
Volume 17 « Issue 1 * January-December 2026

Questions

Answer options

Do you use your own and/or others' data
sources/data analyses to:

We follow up on this
area regularly

Other answers

- monitor your contribution to the 4 0
benefit at the societal level?

- monitor your contribution to the 4 0
benefit of individual residents?

- monitor your own effectiveness? 4 0

from predictive data analysis?

Does the agency systematically work to: Yes, we have described Yes, we have Other
processes/methods used a systematic answers
in the business approach but have
not described this
formally

- collect data? 3 2 0

- manage data? 3 2 0

- structure data? 3 2 0

- make data available? 3 2 0

- aggregate data? 3 2 0

- analyse data? 3 2 0

- disseminate insights from data 3 2 0
analysis?

- use insights from data analysis in daily 3 2 0
decision-making?

- use insights from data analysis in 3 2 0
working on future strategies?
To what extent does the agency use: Yes, we use the analysis Yes, we use the Other

form widely in the analysis form in answers
business parts of the business

- descriptive analyses as a basis for 4 0 0
decisions?

- predictive analyses as a basis for 4 3 0
decisions?

- prescriptive analyses as a basis for 4 3 0
decisions?
How do you assess the competence of the Very high competence High competence Fairly high Other
agency’s management in terms of: competence | answers

- assessing and deciding based on results 4 3 0 0
from descriptive data analysis?

- assessing and deciding based on results 4 3 2 0

continued on following page
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Data-Driven Index Questions- Continued

Questions Answer options
- assessing and deciding based on results 4 3 2 0
from prescriptive data analysis?
How do you assess the competence of Very high competence High competence Fairly high Other
employees working with analytics when competence | answers
it comes to:
- working with descriptive data analysis? 4 0 0 0
- working with predictive data analysis? 4 3 0 0
- working with prescriptive data 4 3 2 0
analysis?
Has the use of advanced data analysis Yes No
with predictive analytics resulted in new
insights for decisions in the agency’s
management (during the past year)?
1 0
Has the use of advanced data analysis Yes No
with prescriptive analyses resulted in
new insights for decisions in the agency's
management (during the past year)?
1 0
To what extent do you use data/data To a very high extent To a high extent Other
analysis to: answers
- streamline core operations? 4 3 0
- improve the authority's core processes? 4 3 0
- contribute to innovation? 4 3 0
- contribute to societal benefit? 4 3 0
- disseminate information? 4 3 0
- streamline the management of digital 4 3 0
systems/services?
- improve the interface with your target 4 3 0
groups?
- better inform your target groups about 4 3 0
rights and obligations?
- increase residents' participation in the 4 3 0
digital society?
- improve risk and vulnerability 4 3 0
analyses?
- increase transparency and insight into 4 3 0
the authority's operations?
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Questions Answer options
To what extent does the agency work To a very high extent To a high extent Other
data-driven when it comes to service answers
development?
0
To what extent does the agency monitor To a very high extent To a high extent Other
service delivery data-driven (not via answers
surveys)? We monitor:
- average time to completion 0
- proportion of incomplete transactions 0
- unnecessary demand 0
To what extent is the agency phasing out To a very high extent To a high extent Other
digital services based on data and data answers
analysis?
0

Information Index Questions

Questions

Answer options

To what extent are the following statements true for your
handling of the information you use in your business?
Make an overall assessment:

To a very high extent

To a high extent

Other answers

- We have inventoried and listed our information 4 3 0
- We have carried out a security classification of our 4 3 0
information
- We have appointed information owners for our 4 3 0
information
- Our information is quality assured 4 3 0
- Our information is stored securely 4 3 0
- Our information is available in a structured format 4 3 0
- Our information is described in the form of metadata 4 3 0
- We work systematically with information architecture 4 3 0
Does your agency have the technical capabilities to Yes No
digitally de-identify data that includes information
worthy of protection?
1 0

How do you make information available digitally? Make
an overall assessment.

To a very high extent

To a high extent

Other answers

continued on following page
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Information Index Questions- Continued

Questions Answer options

- We publish dynamic data, i.e. data that is updated 4 3 0
frequently or in real time.

To what extent do you use other people's data sources? To a very high extent | To a high extent | Other answers
Make an overall assessment.
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