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Abstract

Courses on data systems in higher education are usually designed
based on curriculum guidelines, textbooks, the instructor’s own
understanding of the subject, or a mix of these sources. As a result,
the course contents may not always align with current industry
standards, either in terms of theoretical foundations or the technical
tools used to teach data systems concepts. In this mixed-methods
study, we investigate the technical and non-technical skills needed
in data systems industry, with the goal of bridging the gap of data
systems education and the data systems industry. Our results show
that SQL, data modeling and data pipelines, as well as cloud comput-
ing and data warehouses are the most sought after skills in Finnish
industry. Our results are applicable in developing data systems
syllabi and curricula to better meet industry expectations for future
data professionals.
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1 Introduction

Data-related skills are more and more relevant in the industry (i.e.,
not academia), as data-driven technologies and societal changes
in the information landscape become increasingly common. It fol-
lows that data-related skills such as Structured Query Language
(SQL) [6], data science [32], and data literacy [14, 22] are in high
demand in today’s job markets. However, several studies over the
years have highlighted the challenges and discrepancies of industry
expectations and higher education [3, 25]. In other words, higher
education courses do not necessarily cater for the needs of data
systems industry, as higher education courses are often based on
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rarely-updated curriculum guidelines, textbooks, and teacher opin-
ions [25]. It also remains unclear how well different international
curriculum guidelines particularize to different countries.

In this study, we investigated industry needs for data systems
skills in Finland. In particular, we explored which technical, data-
related skills (e.g., data modeling, database optimization) are valued
in industry positions, as well as how societal, data-related skills
(e.g., data literacy) should be taught in higher education, and why
such societal skills are important in the first place.

Our results detail which technical skills are valued in the data
systems industry (e.g., SQL, data modeling), why each of these skills
are deemed necessary, and which technologies (e.g., Snowflake,
DuckDB) are used. Furthermore, we provide analysis on which
adjacent skills (e.g., working with stakeholders, collaboration) are
valued and why. Finally, we provide insights on societal data skills
(e.g., identifying mis- and dis-information), why they are deemed
necessary in today’s information landscape, and how they can be
taught in practice.

The rest of this study is structured as follows. In the next Section,
we discuss prior work on data systems skills needed in the industry,
as well as societal data skills. In Section 3, we describe our survey
instrument, interviews, and data analysis. Section 4 contains the
results, Section 5 the practical implications and threats to validity
of this study, and Section 6 concludes the study.

2 Theoretical background

2.1 Industry needs versus curricula

There is a recognized gap between industry expectations and higher
education, and this misalignment is especially prominent in fast-
evolving fields such as data science and big data [21, 26]. While
higher education often values theoretical knowledge, students ar-
guably study for their future work life, where many roles involve
highly practical tasks. It has been argued that higher education
must maintain the practical utility of courses and continuously
adapt to job market demands [21].

Data systems is a core area of computing, encompassing concepts
such as database design, data engineering, transaction processing,
and data analytics [25]. The choices of data systems skills included
in computing curricula are often guided by textbooks, teacher opin-
ions, and various curriculum guidelines [e.g., 11, 12, 23]. As there
are various expert opinions on different levels of abstraction on
what data systems effectively means in education, a previous study
analyzed thirteen data systems textbooks, six curriculum guidelines,
and three national guidelines, and formulated a framework of 24
technical data systems skills (i.e., knowledge areas) such as SQL,
data warehousing, and database management system (DBMS) com-
ponents [25]. These skills are listed in Section 4.1. This framework
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guides the data collection in our study, as it provides a consistent set
of skill definitions to compare with industry expectations. There has
also been an effort in mapping data systems skills to closely related
fields (e.g., data science and computer engineering) in education
[7, 20].

2.2 Industry expectations for data systems skills

Prior studies show strong demand for skills like SQL [cf. e.g., 30] and
database design, but also for newer areas such as NoSQL databases
[cf. e.g., 31], data visualization, and data warehousing, which are,
however, seldom taught in courses [25]. Similarly, job-market anal-
yses in big data roles report that employers prioritize competencies
in areas like distributed data processing, cloud data platforms, and
business intelligence [21], as well as data analysis and data ware-
housing [13]. Job-market analysis has also highlighted the need
for big data frameworks, big data processes, and NoSQL databases,
alongside Java/Python/Scala-centric programming, but also soft
skills such as teamwork and communication [17]. Additionally,
Python, R, and Tableau skills have been seen important in data
analyst roles [8].

Finnish higher education follows the so-called dual education
model, where Finnish universities focus on education from the
perspectives of scientific research and producing new knowledge,
whereas universities of applied science focus on more vocational
aspects, and on research and development. For the latter, keeping
curricula up-to-date with fast-moving information technology in-
dustry is even more crucial. To the best of our knowledge, efforts
to align Finnish data systems education with industry expectations
are not reported in scientific literature.

2.3 Societal skills

In the modern information landscape, we recognize societal data sys-
tems skills in addition to technical (e.g., database optimization), as
well as soft skills (e.g., teamwork). Societal skills are closely related
to data systems, particularly to data interpretation, cleaning, pri-
vacy, and organizational and personal decision-making. Managing
data in such an objective and ethical manner has been recognized
as a valued skill in industry [5].

Based on a relatively cursory search of scientific literature, we
identified six societal data systems skills: critical evaluation of data
quality [19], identifying mis- and disinformation [15, 16, 28], inter-
preting and comparing data [2], data-driven decision making [1],
ethical use of data [16], and data privacy and sharing [16, 28]. It is
worth noting that there is a level of overlap among these skills, but
they both give structure to subsequent data collection and analysis,
and paint a picture of what is meant by societal skills on a high
level of abstraction.

These types of societal data skills arguably complement technical
data skills such as data cleaning and aggregation, data visualization,
performance monitoring, and A/B testing. Studies on strengthening
data literacy have shown positive effects in identifying misinfor-
mation [29], understanding data visualizations [4], and making
data-driven decisions [27].
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Table 1: Questions in the structured technical and societal
interviews

# Question

T1  What is your current role and background in data-related tasks?

T2  For two to six skills the participant had evaluated critical or
important in the survey instrument, repeated for each area:

T2.1 Why is it important to have this skill, and where is it utilized in
practice?

T2.2 Which tools and technologies are utilized with this skill?

T2.3 Why those particular tools and technologies were chosen?

T3  Isthere a skill in the survey instrument that is unnecessary?

T4  What kind of skills should data systems education focus on?

T5  What new technologies and subjects related to data systems have
arisen lately?

T6  What kind of non-technical skills are required in the industry?

S1  What are the essential non-technical data skills that everyone
should know?

S2  Repeated for each skill [Critical evaluation of data quality, Identi-
fying mis- and disinformation, Interpreting and comparing data,
Data-driven decision-making, Ethical use of data, Data privacy
and sharing]: How could this skill be taught in higher education?

S3 Are there any other skills that should be included in this set of

societal data skills?

3 Methodology
3.1 Survey instrument

The survey consisted of three background questions regarding the
field of industry, company size, and working location within Fin-
land, four-point Likert questions regarding 24 data systems skills (cf.
Fig. 1, “Evaluate the necessity of each skill for entry-level positions re-
quiring database knowledge”), and one free-form text field in which
the participant could fill in required skills not mentioned in the Lik-
ert questions. The 24 skills used in this study were recognized in an
earlier data systems curriculum analysis [25]. Before the questions
proper, a full privacy policy was shown to potential participants,
detailing how their data would be handled. Participation was vol-
untary, and carried no immediate positive or negative effects for
the participants. The survey targeted professionals working with
data systems in industry, without limiting participation to specific
job roles. We distributed the survey to known contacts, as well as
through posts on social media. In total, we received responses from
participants in various industries (N = 117), mainly from IT. The
data were collected during spring 2025.

3.2 Interviews

We conducted structured interviews (N = 34) to gain more insights
into both technical and societal aspects of data systems education.
Each participant only participated in either a technical (n = 25) or
a societal interview (n = 9). The participants of the societal inter-
views were researchers familiar with the subject, recruited from
Finnish universities. Participants of the technical interviews had
also responded to the survey. These questions are listed in Table 1.

The interviews were held both remotely and in-person. The
interviews were conducted by the first author. Due to the relatively
straightforward nature of the interview questions, the first author
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Figure 1: Proportions of different data system skills, ordered according to the Likert mean of how necessary a skill was deemed

by the survey respondents

took notes during the interviews, and the interviews were not
recorded. Due to the privacy policy agreed by the respondents, we
do not show direct quotations from the interviews, but summaries
of recurring themes. The average lengths of the interviews were 30
minutes (technical interviews), and 25 minutes (societal interviews).
Because all individuals took part voluntarily with informed consent,
none were minors, and the activity posed no safety risks, obtaining
ethical approval for data collection was not required under the
national research integrity board’s guidelines.

3.3 Analyses

We report the technical data systems skills as descriptive statistics
in Section 4. Additionally, we tested for differences between (1) dif-
ferent company sizes (75 respondents from large companies versus
42 respondents from companies of other sizes) and (2) different
industries (72 respondents from IT versus 45 respondents from
other industries) using Welch’s t-test due to unequal variances. Fi-
nally, we utilized conventional content analysis [18] in finding the
technical and non-technical skills deemed essential in the free-text
responses of the survey.
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We analyzed the interview notes using conventional content
analysis [18]. The first and second author individually coded 10%
of the interviews, one interview question at the time. Next, the
authors compared their codes. As the inter-rater agreement was
deemed high, possibly due to the rather straightforward research
questions, and the first author continued to code the remaining
data. After coding, the authors convened to summarize the raw
codes into categories.

4 Results

4.1 Necessary skills in data systems industry

Survey answers regarding the 24 data systems skills are visualized
in Fig. 1 according to how necessary a skill was deemed in the
industry by the survey respondents. The most necessary skills were
SQL, data modeling, cloud computing, data pipelines, and data
warehousing, respectively.

4.2 The effects of company size and industry

We chose an alpha level of .05 for all the statistical tests, and adjusted
with Bonferroni correction to account for the number of 24 data
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Table 2: Data systems skills, why they are deemed necessary in industry, and necessary technologies mentioned by the
interviewees; object-oriented data models and database distribution received no arguments for being necessary

Skill

Why the skill is deemed necessary

Technologies

SQL

Prominent in the industry; An important skill also in the future; Still in the back-
ground in many systems; Prominent tool in reporting; Mature technology; The first
fall-back tool when something goes wrong; Computationally fast; Understanding
SQL helps in optimization; Employers expect knowledge of SQL

PostgreSQL, Oracle DB, MySQL,
open source systems, small embed-
ded databases, AlloyDB, DuckDB

Data modeling

Prominent in the industry; Difficult to do much without this skill, especially in data
warehouses; Formalization of the client’s needs into a database structure and sharing
this information with other people; Especially important when designing changes
to the database structure; The same database may be modeled in different ways;
Understanding in how design choices affect storage requirements and execution
time

An agreed upon notation, pen and
paper

Cloud computing

Prominent in the industry; New systems are often required to be in the cloud; Alter-
natives are inflexible; Some domains have too much data for alternative solutions;
Seen as cost-effective

Cloud, Azure,
Redshift,

AWS, Google
Snowflake, Amazon
European cloud solutions

Data pipelines

Prominent in the industry; Used for ensuring data uniformity between different data
sources; Understanding and ensuring the reliability of data lineage; It is a modern
technique

Azure Data Factory, Snowflake, dbt,
Databricks, Data Fabric, Python,
Java

Data warehousing

Needed for Al solutions; Closely related to reporting which is prominent in industry;
The amount of teaching is limited given how necessary the skill is in industry

Azure SQL, AWS, Snowflake, Data
Vault 2.0, Terraform, Agile Data
Engine, PostgreSQL, SQL Server,
Databricks, dbt

Data security and DB
access management

In the initial setup; Reliability and trustworthiness from the public and client’s
perspectives; Data privacy is crucial; The amount of teaching is limited given how
necessary the skill is in industry

Data visualization

Important for utilizing data in decision making; Presenting data in an understandable
form

PowerBI, Tableau, ClickView, Ex-
cel, Python libraries

DB scalability

Understand the differences between development and production environments and
different database sizes; In the cloud, scalability directly affects costs; In the industry,
database sizes are different to educational contexts; Ensuring business continuity

Semi-structured tradi-
tional data models

Important in combining data from various sources, and sharing outbound data in
required formats; Used in reporting

XML, JSON, R, Python

Relational theory

Theoretical principles for data modeling; Relational databases are prominent in the
industry

Normalization theory

Theoretical principles for data modeling; Used in formalizing domain requirements

DB optimization

Affects cost efficiency; Ensuring business continuity; More optimized is greener; Ba-
sic knowledge of optimization is important, because then the developer understands
to leave much of the optimization to the DBMS

Query execution plans

Transaction processing

Understanding basic principles for optimization and anomaly prevention; Crucial in
multi-user environments

Functions and proce-
dures

Performance considerations

DB connectivity Understanding the system from a more holistic perspective JDBC, ORMs
Logical and physical Understanding technology-independent principles

data independence

DB back-ups and recov-  Trustworthiness from the public and client’s perspectives; Ensuring business conti-

ery nuity; Used in differentiating critical and non-critical data

Relational algebra Theoretical principles for querying

DBMS components Important in processing large databases

Concurrency control  Crucial in multi-user environments; Helps understanding complex systems

and isolation levels

Data mining Prominent with Al Python, R

NoSQL-DBMSs

Prominent in the industry

MongoDB, some features of Post-
greSQL, Firebase, key-value stores

systems skills. That is, we chose an alpha level of o = % =.003125
for the comparisons.

We conducted Welch’s independent samples t-tests to examine
whether the data systems skill valued differed between large com-
panies and companies of other sizes. There were no significant
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differences in mean scores between the two groups in any of the
24 skills, p-values ranging approximately from .05 to .95.

We conducted Welch’s independent samples t-tests to examine
whether the data systems skill valued differed between IT compa-
nies and companies of other industries. There were no significant
differences in mean scores between the two groups in any of the
24 skills, p-values ranging approximately from .10 to 1.00.

4.3 Why some skills are deemed necessary

In the technical interviews, we asked the participants why they
deemed some of the skills necessary and some unnecessary. We
summarized the answers for the former question to Table 2.

For the latter question, the participants voiced a common reason
regarding all the skills: they have not needed that skill personally,
or seen others need it recently. In fact, we were able to find only two
insights from the analysis of this question. First, cloud computing
was seen unnecessary by some of the participants due to both small-
scale applications which do not necessarily benefit much from using
a cloud environment, and the fact that cloud environments pose
data privacy issues, and are unnecessary to teach in higher educa-
tion. Second, and quite adversarially, database back-ups, database
scalability, and database optimization were seen unnecessary due
to cloud environments offering much of these features as a service.

4.4 Additional necessary skills

In addition to the 24 skills identified for the survey (cf. Fig. 1), both
the survey participants and the technical interviewees also voiced
other skills necessary in industry. We summarized the groups of
skills which were mentioned at least by six participants below.
From a technical perspective, several participants emphasized
that it is crucial to be familiar with modern database technologies
such as data vaults, data lakes, the Parquet file format, and DuckDB;
non-relational data models such as vector databases, time-series
databases, and graph databases; holistic system perspectives, i.e.,
understanding the adjacent technologies, people, and processes,
infrastructure, and enterprise architecture, and that the database
does not exist in isolation; performance, i.e., understanding green
aspects of databases and the implications of using languages such
as Python in data pipelines, and the effects of design choices on
computing resources; software development frameworks such as
Scrum and Kanban and continuous development, and how they
affect data; testing such as test data generation, software testing
and its implications to the database, and the role of a myriad of data
sources on testing; and data governance such as processes and tools
for protecting data, auditing data usage, and ensuring data quality.
Additionally, several participants speculated that the advancements
in artificial intelligence will affect data management in some way.
From a non-technical perspective, the participants highlighted
domain knowledge: understanding the business environment and
business processes, related terms, and the scale of the domain;
working with stakeholders: understanding and communicating the
needs of the client and other related parties; transforming business
rules into data: knowing which business rules can dictate the use of
different database paradigms, and which business rules are relevant
from a database point-of-view; interaction skills: communicating
with others, expressing oneself clearly, diplomacy, language skills
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in international teams, and communication with non-technical
audiences; collaboration: working in a team, project work, and social
skills; and self-governance: being independent when the situation
requires, being responsible of one’s work, taking initiative, being
able to question one’s own decisions as well as others, critical
thinking, and asking for help.

4.5 Necessary societal data skills

Based on the societal interviews, we summarize societal data skills,
why they were deemed important, and how could they be taught
in Table 3. It is worth noting that some of the interviewees pointed
out that teaching societal data skills should take place much earlier
than in higher education.

In addition to our six preconceived categories, the interviewees
also added taking breaks from consuming information and under-
standing data life cycle as necessary societal data skills. The former
skill was seen related to managing information overload, and the
latter to understanding how digital data is difficult to erase, how
large corporations collect and analyze personal data, and how in-
formation is power on a global level.

5 Discussion

5.1 Comparison with prior findings

As we used the same framework of 24 data system skills as a previ-
ous study [25], comparing the findings is relatively effortless. From
an international perspective (i.e., results reported previously), SQL,
data modeling, cloud computing, and data pipelines were the most
important skills in industry, and these findings are in line with the
findings reported in our study from the Finnish industry. The im-
portance of object-oriented data models, DBMS components, and
relational algebra was deemed low in both Finnish and interna-
tional industries. There were also some discrepancies. Namely, data
warehousing and data visualization were highly sought skills in
the Finnish industry, but not on the international level. In contrast,
NoSQL DBMSs as well as functions and stored procedures were
valued on the international level, but not on the Finnish level. The
lack for the need for NoSQL DBMSs in Finland might be explained
by systems developed for smaller number of end-users.

The other necessary skills reported by our study participants
included specific technologies (e.g., vector databases and Parquet),
understanding the landscape around data systems (e.g., software
development frameworks and continuous development), and vari-
ous soft skills (e.g., working with stakeholder and collaboration).
The need for such soft skills has been reported in a large number
of studies in prior literature [cf. e.g., 7, 26]. Similarly, understand-
ing the holistic system development landscape has been broadly
studied, especially through capstone courses [cf. e.g., 9].

As for the societal data skills, we are not aware of studies with
similar research goals, i.e., providing empirical data on why such
societal data skills are important or how to teach them in practice.
However, the findings reported in Table 3 are in line with prior
scientific literature. For example, the skill of identifying mis- and
disinformation is important because such false information is used
to influence world politics [10, 24]. That being said, the findings
in Table 3 should be considered as a condensed source of both
motivation for teaching societal skills, as well as concrete examples
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Table 3: Societal data skills, why the skills are deemed necessary, and how they can be taught

Skill

Why the skill is deemed necessary

How to teach

Critical evalu-
ation of data
quality

Data cannot be reliably used otherwise; Data can be used to mislead; The
trustworthiness of data has declined significantly; Emotional responses
skew the interpretations

Identify reliable data sources; Teach critical thinking;
Exercise: try to find information supporting a view you
disagree with

Identifying mis-
and disinforma-
tion

Data can be used to influence attitudes, usually in a negative way; No
one is safe from misinformation or disinformation; Such information
is effortless to fabricate; Factual information can be used in unsuitable
contexts; Information overload leads to people making mistakes

What is the difference between misinformation and dis-
information; Why they are used; Exercise: case-study,
who influenced who, why, and with what kind of infor-
mation

Interpreting
and comparing
data

Interpretation gives data a meaning; Data are used in decision making

Teaching scientific research methods; Teaching through
examples how personal bias affects judgment; Evaluat-
ing what are the pieces of empirical evidence behind
claims; Exercise: analysis of competing hypotheses

Data-driven
decision-
making

Decisions may have significant implications; Decisions are always based
on some data; Higher education often prepares for decision-making roles

Exercise: make a decision based on a dataset

Ethical use of
data

Data needs to used objectively, even when out of one’s comfort zone;
Ethics protect both the participants and the researchers, i.e., data objects
and data handlers; It is a common premise to strive for ethical conduct

How to store and share data ethically; Copyright; Data
use in commercial purposes; Exercise: managing data
that one finds controversial personally

Data privacy
and sharing

All digital content is used for profiling, which is then used in influencing;
Targeted influencing; Exploiting cognitive vulnerabilities; Important to
understand why personal information is coveted; Understanding what
you want to share about yourself and to what ends those pieces of data
can be used; Everyone has the right to privacy and a duty to respect the

Describing how some actors try to silence other ac-
tors; Describing known influence operations; Exercise:
What to do when one is targeted by a hate campaign

privacy of others

from experts on how to teach these skills, rather than findings that
support or contest prior findings.

5.2 Practical implications

Our findings are applicable in developing data systems curricula.
Based on the results, we will start to redesign the data systems ed-
ucation in the university of the authors to more closely account for
the needs of industry, as well as the modern information landscape.

Specifically, we will (i) redesign a data systems module of 25
ECTS (1 ECTS equals roughly 27 hours of student work) based
on the necessity of skills reported in Fig. 1, (ii) take into account
the necessity of different skills: a skill with low necessity may be
taught on a more general level, while critical skills should receive
in-depth teaching, (iii) consider that while some more theoretical
skills were not valued in the industry, the role of the university
is to provide theoretical foundations in addition to practical skills,
(iv) collaborate closely with other departments and faculties to
incorporate additional and societal skills (e.g., both data governance
and identifying disinformation from the faculty of management and
business) into our data systems module.

5.3 Limitations and threats to validity

Sample representativeness: Our sample of 117 survey respondents
and 34 interviewees may not fully represent the breadth of the
Finnish data systems industry. In addition, the number of companies
represented in the dataset remains unknown, as this information
was not collected for privacy reasons. As such, certain skills among
the 24 examined could be disproportionately emphasized, while
others may be underrepresented. Nonetheless, when compared to
prior international work (e.g., with 30 survey respondents [25]),
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our study draws on a relatively large dataset. Given the overall
size of the eligible population in Finland, we believe the findings
provide a reasonably representative picture, though they should be
interpreted with these limitations in mind.

Qualitative analysis: A potential pitfall in the conventional con-
tent analysis is misinterpretation of the free form text answers. We
tried to mitigate misinterpretations by independent analyses.

Framework limitations: Although current, the list of 24 skills [25]
used in the survey might omit some emerging skills. We tried to
mitigate this by a free form text field to voice such needs.

Generalizability: The levels of necessity of the 24 skills may not
generalize to other countries, or on a broader, international scale.
In fact, the comparison in Section 5.1 shows that some of the results
are not in line with a previous study [25]. As the goal of our study
was to particularize the framework [25] to the context of Finland,
generalizability was not a primary focus. However, the research
design can be replicated in other regions.

6 Conclusion

Data systems education and industry needs may be misaligned
for various reasons. In this study, we analyzed the importance of
different technical and societal data systems skills in the Finnish
data systems industry and higher education. The results show that
SQL and data modeling remain valued skills in the industry. We
also show why and how to teach societal data skills. These results
are applicable in developing higher education curricula.
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