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Abstract
Data systems have been an important part of computing curricula
for decades, and an integral part of data-focused industry roles
such as software developers, data engineers, and data scientists.
However, the field of data systems encompasses a large number of
topics ranging from data manipulation and database distribution to
creating data pipelines and data analytics solutions. Due to the slow
nature of curriculum development, it remains unclear (i) which
data systems topics are recommended across diverse higher educa-
tion curriculum guidelines, (ii) which topics are taught in higher
education data systems courses, and (iii) which data systems topics
are actually valued in data-focused industry roles. In this study, we
analyzed computing curriculum guidelines, course contents, and
industry needs regarding data systems to uncover discrepancies be-
tween them. Our results show, for example, that topics such as data
visualization, data warehousing, and semi-structured data models
are valued in industry, yet seldom taught in courses. This work
allows professionals to further align curriculum guidelines, higher
education, and data systems industry to better prepare students for
their working life by focusing on relevant skills in data systems
education.

CCS Concepts
• Applied computing → Education; • Information systems→
Data management systems; • Social and professional topics
→ Computing industry; Model curricula.
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1 Introduction
Data Systems Education has long been recognized as an impor-
tant component of various information technology programs in
higher education [45, 88, 121]. In recent years, the industry’s need
for well-trained and re-trained data engineers, data scientists, and
business analysts has reignited growing interest in this field. There
is no shortage of tool support, with new tools [78], languages [46],
and paradigms [114] for manipulating data emerging constantly.
Furthermore, knowledge of traditional environments such as re-
lational databases, remains highly relevant for data professionals
[22]. These data-related roles are also often intertwined with other
fields that depend on the efficient utilization of data [24].

Computing curricula typically guide the education of future data
professionals and are often based on guidelines published by various
organizations such as ACM, IEEE, and AIS. Although the field
of information technology in general advances relatively rapidly,
these guidelines are often released with relatively long cycles, for
example, computer science curriculum recommendations for 2013
in December 2013 [88] and, for 2023 in June 2024 [64]. Additionally,
it arguably takes time to renew curricula and syllabi based on new
guidelines. Nevertheless, it is unclear to what extent the guidelines
are utilized in higher education, how fast syllabi are adjusted based
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Figure 1: Textbook topics, modified from Fundamentals of Database Systems [40], where arrows represent which topics are
prerequisite for other topics; the darker colors represent to which extent topics are covered in twelve other data systems
textbooks [27, 32, 37, 47, 55, 56, 61, 63, 96, 99, 130, 131]; dotted rectangles represent recurring topics which are not covered in
Fundamentals of Database Systems itself.

on the guidelines, and how much educators account for industry
needs in data systems education.

To address the possible discrepancies between curriculum guide-
lines, curricula, and industry needs, and to understand how data
systems educators design their courses, we set out to analyze cur-
riculum recommendations, as well as survey expert opinions of
data systems educators and practitioners. The research questions
for this study are as follows.

RQ1: Which topics do curriculum guidelines recommend to be
included in data systems education at the university level?

RQ2: Which topics are a part of data systems courses and how
they are taught?

RQ3: What are the motivations behind educators’ choices for syl-
labus design in data systems courses?

RQ4: Which data-related skills are valued for industry roles such
as software developers, data engineers, and data scientists?

RQ5: To what extent does data systems education in its current
form conform to curriculum guidelines and industry prefer-
ences?

All the studies presented in this paper to answer the research
questions above were approved by the IRBs of the working group
leaders’ institutions.

The results indicate, for example, that data visualization is often
not taught in the graduate or undergraduate curriculum at all. Data-
base normalization, on the other hand, is taught at various levels of
education. Furthermore, the industry survey and job advertisement
analysis reveal a consensus on the importance of foundational skills
like SQL and data modeling for database roles, while highlighting a
gap between the evolving market demand for advanced skills such
as database scalability and cloud computing and the current prior-
ities of industry professionals. Finally, industry in general seems
to be in need of more in-depth data system skills from new job
seekers, emphasizing the need for more education on topics such as
semi-structured data models, data mining, data privacy and ethics,
data warehousing, and data visualization.

The remainder of this paper is structured as follows. In the next
section, we discuss educational research on data systems topics, data
systems curricula and the role of data systems in various computing
curricula, and data-focused industry roles. In Sections 3, 4, and 5,
we discuss the methods and results of our curricula analysis, and
educator and industry surveys, respectively. Section 6 contains
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Figure 2: A general example of data systems components and their interrelationships; arrows represent the flow of data; each
of the components and relationships represents one or several data systems topics, for example, the databases depicted in the
middle are closely related to conceptual, logical and physical database design

the comparisons of topics recommended in the aforementioned
sections, as well as our recommendations and the limitations of
this study. Section 7 concludes the study.

2 Background
Data systems can be considered a broad topic that encompasses
data, databases (DB), database systems (DBS), databasemanagement
systems (DBMS), and many closely connected concepts such as data
engineering, data science, and database programming. Elmasri and
Navathe [40] mapped these topics and their dependencies as taught
in 13 textbooks, an adapted version can be seen in Figure 1. As the
differences in color depth indicate, not all topics all covered to the
same extent. As such, the exact definition of data systems varies
from researcher to researcher.

2.1 Data Systems Education Research
Educational research in data systems has been relatively scarce
when compared to other research topics such as programming
education. In this section, we describe educational research on data
systems topics, divided into subsections common in data systems
textbooks. Topics of this subsection are summarized in Fig. 2.

2.1.1 Conceptual modeling. Conceptual modeling is used in trans-
lating relevant domain needs into conceptual data structures (Fig. 2a),
typically in the initial stages of system design. The most popular
notations are arguably the Entity-Relationship (ER) model [23]
with its extensions such as the similarly named Extended ER (EER)
models, as well as the Unified Modeling Language (UML) [100].

Many studies agree that conceptual data modeling is a chal-
lenging topic to learn, perhaps due to the open-ended nature of
conceptual modeling [110], or the existence and shortcomings of
different notations [25]. In order to understand the challenges, some
studies have tried to identify the common problems in conceptual
modeling by categorizing student mistakes [19, 57, 97]. To facilitate
the learning of conceptual modeling, scholars have suggested using
a design pattern approach similar to object-oriented programming
[132] or using concept maps to reduce cognitive load in modeling
large domains [93, 107].

Several studies have proposed tools for learning conceptual mod-
eling of databases, for example, ERM-VLE [51], COLER [35], MonstER
Park [103], #EER [20], ERDoc Playground [69], and KERMIT [110],
as well as some unnamed tools [39, 133]. While some of these tools
aim to foster deeper learning or student collaboration, others aim
to ease teacher workload by automatically checking the conceptual
models for correctness. Many studies that introduced a tool for
conceptual modeling have also evaluated the tool, usually with
positive results when compared to learning without such a tool.

2.1.2 Database design. Database design consists typically of de-
signing both logical and physical database structures (Fig. 2a) to
serve the needs of the end-users, often via a user-facing software
system. The few studies on database design education have sug-
gested tying database design tasks to real-world scenarios with
project-based learning and a constructivist approach [28, 86], gam-
ification [38], and integrating database design as a part of a more
holistic software project [62]. Recently, studies have also investi-
gated how teachers should design databases that are engaging for
students who are learning querying [81, 117]. In summary, edu-
cational insights on effective teaching methods, common student
mistakes, or supporting tools are scarce, and almost exclusively
focused on logical design.

2.1.3 Query languages. Query languages are used for retrieving
and manipulating data in the database (Fig 2b). Research on query
language education has probably been the most prominent theme
in data systems education research. Expectedly, most of the work
has focused on SQL [118], but there have also been studies on the
education of Query by Example [58], and different NoSQL query
languages [10, 12, 66], as well as the theoretical foundations behind
relational query languages [48, 52].

Perhaps the most widely studied theme in educational research
on query languages has been the errors committed in query formu-
lation. Studies have explored which errors are the most prominent
[7, 119, 134], why errors occur [80, 106, 108, 112], and what affects
the occurrence of different errors [98, 111]. Additionally, helping
novices in query writing has been a prominent research topic. Sev-
eral scholars have worked on tools and techniques for visualizing
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queries to either facilitate query formulation or to help novices un-
derstand more complex queries [31, 65, 70, 79]. Furthermore, there
have been efforts in understanding the role of enhanced SQL error
messages in education [115, 116], develop more intuitive methods
of expressing complex query concepts [75], and the gamification of
SQL education [13, 84, 102]. Recently, the integration of language
model agents has also been suggested to support students in query
writing tasks [92, 94], and also for assisting in creating assignments
for students [6].

2.1.4 Query processing. Query processing and optimization is a
common topic in data systems education, especially in advanced
courses (Fig. 2b). The aim is to understand how database queries
operate, often through physical database operations and structures
such as bitmap indices, hash joins and nested loops, and sequential
scans in order to write efficient queries.

Educational research on query processing has seen several recent
efforts. Some studies have outlined what topics should be included
in a query optimization [33] course, and others have highlighted
the opportunities in considering novices when formulating query
execution plans [113]. The bulk of educational research on query
optimization has proposed tools for facilitating novice understand-
ing of query execution plans in different ways. For example, RelaX1

and MOCHA [120] visualize the physical operations and intermediate
relations of SQL queries. NEURON [68] and LANTERN [129] simplify
the interpretation of query execution plans by translating them
into simplified natural language. ARENA [128] presents students
with alternative query execution plans for queries, which aims to
help students understand how the selection of different physical
operations affects query efficiency.

2.1.5 Database programming. Database programming (Fig. 2c) refers
to connecting the DBMS to the software application by either em-
bedding query languages into the host language, or by leveraging
host language or third-party libraries for retrieving and manipu-
lating the database. Additionally, some viewpoints consider using
SQL’s procedural extensions such as T-SQL or PL/SQL to create
user-defined functions in the DBMS, which are then called from
the host language.

The papers in this area have usually been experience reports
on course contents and the teachers’ expert opinions on how their
approaches worked in the classroom. One study [71] provided a
general description of how to incorporate database programming
into web programming using PHP and a data abstraction layer
for querying and manipulating the database. Another study [91]
applied modern software engineering tools and frameworks in sup-
porting the use of database programming with Java. Some studies
have discussed database security education in MongoDB [50], and
proposed gamification in teaching SQL injection [104, 109]. Finally,
two studies [95, 127] have discussed database programming as
teaching PL/SQL, yet focused on high-level teaching philosophies
rather than understanding the database programming aspect specif-
ically. It seems that basic topics such as connecting the DBMS to
the rest of the software system, as well as important topics such

1https://dbis-uibk.github.io/relax/landing

as object-relational mappers and object-relational impedance mis-
match have not received scientific attention from the perspective
of educational research.

2.1.6 Data analytics. Data analytics is a general term encompass-
ing concepts such as descriptive, prescriptive, and inferential ana-
lytics, all of which typically aim at producing business value from
collected data (Fig. 2e). Tangential terms are data mining and data
science. The analysis of data is typically preceded by extracting,
cleaning, and transforming data from various sources [26] (Fig. 2d)
into a database where it is feasible to perform the analyses.

Educational research on data analytics has been scarce and di-
verse. Tangential studies have highlighted the differences between
math and tool-focused data science and visualization-oriented data
analytics [4]. Furthermore, various research teams have recognized
that data science and analytics courses are often taught across dis-
ciplines by educators who do not have formal knowledge on the
topic, to students who do not have CS backgrounds [72, 82]. Some
studies have also proposed high-level frameworks for teaching data
analytics [87].

2.2 Data Systems Curriculum Analyses
In the area of computing, various curriculum guidelines exist. These
are specified by organizations that discuss and evaluate computing
as a field of science. In this study, we were unable to identify any
curriculum guidelines specific for Data Systems, yet data systems
topics are a part of several computing curriculum guidelines such as
computer science, software engineering, and information systems.
For a full list of curricula considered in this study, see Section 3.

Computer science curricula have been analyzed in various exist-
ing works. One study developed a framework for data education
[29], identifying core competencies such as data management and
data analysis, as well as higher-order competencies such as ethics
and governance, and inter-disciplinary competencies such as com-
munication and critical thinking. Another studied data analytics
programs and their contents, discovering that courses are often
rebranded with more modern names such as data warehousing to
big data [59]. Finally, one study built a data science program [101].
The DataEd workshop at SIGMOD also attracts both educators and
industry professionals, leading to conversations surrounding data
systems curricula [8]. Other papers on computer science curric-
ula did not focus on data-intensive topics, but instead surveyed
introductory programming course curricula [17, 73, 74, 85].

Methods of data-led curriculum analysis have been investigated
previously [9, 76, 77, 105]. These methods were based on topic
modeling. Finally, a syllabus analysis of computer science education
courses revealed 550 educational topics extracted from syllabi and
categorized them under seven different themes, including theories
of thinking and learning, and technological applications [30]. Their
research setup inspired this work.

2.3 Data-focused Industry Roles
In the rapidly evolving field of data systems, it is crucial to align
educational curricula with the skills and knowledge demanded
by the industry. As computing disciplines continuously change,
educational programs in information technology and related fields
must adapt to ensure that graduates are prepared to contribute
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value to enterprises. Understanding the industry’s perspective helps
ensure that graduates are well-prepared to meet the challenges and
requirements of real-world data systems roles. This alignment not
only enhances the employability of graduates but also ensures that
educational programs remain relevant and up-to-date with the
latest technological advancements and industry practices.

Many roles in industry are focused on data, and these roles have
seen several changes in job descriptions and titles over the years [8].
From titles such as data engineer, database administrator, database
designer, or data analyst, the connection to data system topics is
relatively obvious. However, many software developers are involved
in database design, query optimization, and especially database
programming. In contrast, some seemingly data-focused titles such
as data scientists may focus on tasks closer to statistics than data
systems as they are understood in this study.

Incorporating industry insights into educational strategies can
bridge the gap between academic learning and practical application,
ultimately fostering a more competent and industry-ready work-
force. The CS2023 Task Force, a reputable body involved in shaping
computing curricula, surveyed 110 academics and 865 industry
practitioners to identify the characteristics of computer science
graduates [64]. This comprehensive study highlights the critical
skills and knowledge areas that industry professionals value, pro-
viding a robust foundation for justifying the integration of industry
perspectives into educational curricula.

Recognizing the importance of professional practice is essential,
as most students in information technology programs will enter
the workforce upon graduation [90]. This integration of industry
perspectives into the curriculum supports the development of grad-
uates who can effectively contribute to their respective fields.

Graduate employment rates underscore the importance of align-
ing educational curricula with industry demands. For instance, in
Scotland, the graduate employment rate stands at 82% [53], while
in England, it is slightly higher at 87.7% [43]. The European Union
reports an employment rate for recent graduates of 83.5% in 2023
[41], and Australia boasts an even higher rate, with 88.3% of un-
dergraduate graduates in employment in 2022[42]. These statistics
highlight the need for educational programs to adapt and evolve
continuously to ensure that graduates are well-equipped to enter
the labor market successfully. By integrating industry perspectives
into curricula, educational institutions can better prepare their stu-
dents for the workforce, contributing to higher employment rates
and more successful career outcomes for graduates.

3 Curriculum Guidelines
In this research effort, we try to understand how data systems
courses are taught throughout the world and how they meet in-
dustry needs and expectations. International standards, or in the
absence of any, widely used guidelines from international profes-
sional organizations can give us a point of reference (or validity,
or even a coordinate system) upon which we can measure and
compare. In this section, we investigate RQ1: Which topics do
curriculum guidelines recommend to be included in data systems
education at the university level?

We aim to uncover both the commonalities among these guide-
lines as well as their differences.

3.1 Methodology
Our data collection efforts followed a two-part approach. Initially,
our working group conducted a comprehensive web search to iden-
tify data curricula related to Computer Science, Data Science, Infor-
mation Science, and other pertinent subjects. Secondly, we lever-
aged the authors’ international network of data systems educators
to uncover guidelines that may not be readily accessible online.
Our efforts resulted in identifying 19 guidelines from 12 different
countries and global organizations, including ACM, IEEE, and AIS.

To facilitate the analysis of these guideline documents, we first
translated all non-English documents into English. Subsequently,
we conducted a detailed examination of the curriculum recom-
mendations to extract vital information pertinent to data systems
curricula. This included identifying the responsible agency, docu-
ment title, educational level (whether undergraduate or graduate),
target program (such as data science), and providing a link to the
original document.

In the second phase, we aimed to identify prevalent educational
topics within data systems as referenced in these guidelines. We
extracted topics associated with data systems from each of the
global and national guidelines we collected and categorized them
into relevant groups. We used this categorization to perform a
structured analysis of the common themes and areas of focus.

Below, we provide an overview of these guidelines and in Sec-
tion 3.4, we present the result of the analysis we conducted on this
dataset.

3.2 Overview: Global Computing Organizations
The landscape of data systems education is shaped by curriculum
guidelines and recommendations developed by various global orga-
nizations, such as ACM, AIS, and IEEE, as well as national education
bodies from several countries. The main goal of these recommen-
dations is to ensure that educational programs remain relevant and
aligned with the fast-evolving demands of industry and national
strategic plans. Here, we provide an overview of these guidelines,
highlighting their key components and recommendations. We list
the examined curriculum guidelines in reverse chronological order
(i.e. from newest to oldest).

3.2.1 Computer Science Curricula 2023 [CS2023]. The ACM, IEEE,
and the Association for Advancement of Artificial Intelligence col-
laborated on developing updates to the guidelines for the computer
science discipline from 2013 [88]. The latest guidelines [64] have
changed the names of knowledge areas on informationmanagement
to data management and intelligent systems to artificial intelligence,
mainly to avoid confusion or to reflect more recent nomenclature.
The guidelines propose adopting learning approaches that stress
practical applications and interdisciplinary projects. They also rec-
ommend a continuous process for updating curricula to keep up
with advancements in the AI field. Our main interest is in the data
management area, but we also investigated the other areas having
intersections with data management and AI fundamentals, data
management, and machine learning in the core, and advanced elec-
tive topics, such as deep learning, big data analytics, and AI ethics.

3.2.2 Computing Competencies for Undergraduate Data Science
Curricula [CCDS2021]. An ACM task force developed curriculum
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guidelines for the emerging data science field [44]. As data science is
inherently an interdisciplinary field, such are the guidelines, which
include knowledge areas from analysis and presentation, artificial
intelligence, data management, machine learning, and software
development – aiming to cover everything a data-science project
would encompass and everything a data-science specialist should
be aware of. Most of these topics are relevant to our pursuit and
we investigated several in more detail.

3.2.3 IS2020 - A Competency Model for Undergraduate Programs in
Information Systems [IS2020]. The ACM and the Association of In-
formation Systems jointly created guidelines and recommendations
targeting the information systems discipline [45]. Here there is also
a focus on information and data management, and business analyt-
ics. Key components of the past guidelines [123] focused on core
courses in the IS discipline, but in the latest edition, the perspective
has changed in favor of competence areas. Our focus is mainly on
the data competence realm and the data and information manage-
ment competence areas, which also include data mining, business
analytics, and data visualization. The guidelines incorporate an in-
terdisciplinary stance to bridge technical skills with business needs.
The guidelines also recommend collaboration between industry
and academia to ensure that educational programs meet workforce
demands.

3.2.4 Information Technology Curricula 2017 [IT2017]. These guide-
lines were prepared by a task force from the ACM and IEEE-CS
[90]. The guidelines focus on the information technology discipline
to create an update of the prior guidelines published in 2008. In the
last revision, the guidelines focused on the skills and dispositions
that should complement the body of knowledge, defined from the
Enterprise Information Technology Body of Knowledge report de-
veloped by the IEEE-CS. Our focus in these guidelines was mainly
the information management domain, and we also investigated
the other domains that covered tangentially relevant topics to our
interests, like the integrated systems technology domain.

3.2.5 Cybersecurity Curricula 2017 [CSEC2017]. These guidelines
were prepared by a joint task force from the ACM, IEEE-CS, AIS
SIGSEC, and IFIPWG 11.8 [89], focusing on topics related to various
aspects of security – ranging from component and system security
to human and societal security. We have investigated all areas,
looking for topics that could relate to our interest focus of data
systems education.

3.2.6 Software Engineering 2014 [SE2014]. These guidelines were
prepared by a task force from the IEEE-CS and ACM and focused on
the software engineering discipline [14]. These guidelines included
some interconnections to our focus – education about data systems
from the point of view of software development.

3.3 Overview: National Curriculum Guidelines
and Advisories

Although we were able to identify various national curriculum
guidelines concerning computer science, wemust note that not all of
these were mandatory for teachers to work with. In addition, some
were meant for other educational levels such as primary school
or high school. In the text below we provide a general analysis

of these guidelines, but only the three applicable bodies of work
(for the United Kingdom, Brazil and Australia) are included in our
systematic results further below.

Educational bodies from several countries developed guidelines
that align with their countries’ strategic needs. In the Netherlands,
the Stichting Leerplanontwikkeling (SLO) has developed compre-
hensive guidelines for data systems education, focusing on digital
literacy and data competencies for primary and secondary educa-
tion [16, 49, 122]. Key components of these guidelines focus on the
early introduction (primary and secondary level) of fundamental
knowledge in Data Management, Programming, and Data Ethics.
At the higher levels (undergraduate and graduate), the guidelines
recommend the introduction of advanced topics, such as Data Ana-
lytics, Machine Learning, and Data Engineering. Another advisory
to secondary education comes from France, whose guidelines con-
tain a few pages on managing data [83]. Their preferred skills
include knowledge of DBMSs and the relational model, as well as
building queries using various SQL clauses. The Danish highschool
objectives [21] also include specific sections on representation and
manipulation of data, mentioning skills such as building web sys-
tems to display data, dealing with various data types and mentions
of ER diagrams and SQL.

Australia identifies a “core body of knowledge” upon which they
base educational accreditation for ICT higher education degrees
[15]. They focus on both core ICT knowledge, professionalism in its
general form, as well as professionalism as it applies in ICT (such
as the ethics involved in data storage and processing). The core ICT
knowledge extensively mentions data management concepts. The
guidelines published in the United Kingdom by several educational
bodies and industry partners also emphasize a focus on teaching
data management and analytics skills in higher education [1, 2].

Furthermore, various countries outside the global west have also
established guidelines to enhance data systems education. Brazil’s
guidelines focus on integrating data systems topics with the Infor-
mation and Communication Technologies (ICT) curriculum [34].
They emphasize the offering of Data Management, Programming,
and Data Analytics as early as the secondary school level. Saudi
Arabia’s curricula (for example [126]) are aligned with the Vision
2030 initiative [3], emphasizing data literacy and advanced analyt-
ics. Tunisia [36] includes programming, database management, and
data science applications in its curriculum, preparing students for
careers in data-driven fields. The guidelines emphasize the need for
continuous curriculum updates, practical experience through in-
ternships, and partnerships with industry to ensure that graduates
are well-equipped to meet contemporary demands.

3.4 Results
To answer RQ1, we extracted topics associated with data systems
from each of the global and national guidelines we collected and
categorized them into relevant groups, such as data pipeline, data
modeling, and big data. This categorization facilitated a structured
analysis of common themes and areas of focus within the studied
guidelines. The results of the analysis are presented in Fig. 3.

Our analysis indicates that data security and privacy is the most
frequently mentioned topic, appearing in six different guidelines. It
is followed by big data, data management, data visualization, data
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Figure 3: Mapping global and national computing curriculum guidelines to data systems concepts

modeling, data analytics, and data ethics, each referenced four times.
Several topics were mentioned in both global and national guide-
lines, including cloud computing, data mining, relational databases
as well as other types of models, query formulation and computer
science foundations. Additionally, a few topics were specifically

highlighted in more than one global guideline: data analytics, dis-
tributed databases, cloud computing and web development.

There are also clear differences between the analyzed guidelines.
Some of them have very specific core focus, such as the CCSD2021
and the data pipeline, and CSEC20217’s and Security. CS2023 seems
to present the most complete view of data systems education as
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we identify it here, as they consider topics in all themed boxes
in Figure 3. Concerning the national guidelines, the United King-
dom guidelines seem to focus on data modeling and foundational
knowledge, whereas the Brazilian guidelines have a broader topic
spread, seemingly targeting the more applied topics. The Australian
guidelines are somewhere in between, including both theory and
applied topics.

3.5 Discussion
The predominance of data security and privacy as the most fre-
quently mentioned topic underscores its critical importance in the
realm of data systems education across diverse educational guide-
lines. This finding suggests a universal recognition of the need to
address security and privacy concerns as foundational elements in
the curriculum for future data professionals. The repeated refer-
ence to topics like Big Data and Data Management in both global
and national guidelines reflects a broad consensus on the essen-
tial skills required in data-driven industries. The inclusion of data
modeling, data visualization, and data ethics further indicates a
growing emphasis on not only handling data effectively but also
responsibly and ethically. The distinction between the topics em-
phasized in global versus national guidelines could signal varying
regional priorities or the influence of international standards on
local educational frameworks.

4 Database Course Content and Teaching
Practices

Now that we have learned more about what existing curriculum
guidelines describe, we set out to learn whether data systems course
syllabi were in line with this. To this end, we reached out to instruc-
tors who teach database, data science, and/or data systems courses
internationally, inviting them to participate in a comprehensive
survey. The survey aimed to gather detailed insights into database
content being taught, the teaching methodologies employed, and
the resources utilized in these courses. The objective was to under-
stand current teaching practices, identify trends, and share what
the greater educational community is doing.

With this data, we investigate RQ2: Which topics are a part of
data systems courses and how they are taught? and RQ3 What are
the motivations behind educators’ choices for syllabus design in
data systems courses? Answering these questions and connecting
them back to curriculum guidelines, allows us to enhance the quality
of education in database-related fields. The data also gives insights
that help courses remain relevant and aligned to the evolving needs
of the industry (see Section 5).

4.1 Methods
We designed a survey consisting of 16 overarching questions, with
sub-parts, comprised of 53 questions total (see Table 1 and Table 2).
This survey was then distributed to educators in the larger Data Sys-
tems Education community2 via email. In some cases, data systems

2The “Data Systems Education” community is defined as a collective of educators,
researchers, and practitioners dedicated to advancing the teaching and learning of
data management, data science, and information systems, fostering interdisciplinary
collaboration and sharing best practices to enhance data literacy and skills across
various fields.

community members were contacted via email directly, through a
list of data systems educators created by the joint networks of this
paper’s authors, and in other cases, they were contacted through
larger email lists (i.e., DBWorld, SIGCSE, and SIGITE) to ensure the
larger communities were contacted.

The quantitative data and qualitative data were analyzed by two
researchers. Quantitative data were extracted in the form of CSV
files. The data were then cleaned, analyzed, and graphed using
Python. Note that we separated the results by undergraduate and
graduate program levels for reporting. Additionally, the qualitative
data were read and summarized by the same two researchers, ex-
tracting all survey responses, discussing them, and then reporting
the key points and significant information in the results section
below.

4.2 Results
The survey had 105 responses from post-secondary/tertiary data
systems educators, spanning 24 different countries (see Table 3).
This includes a mix of both undergraduate and graduate courses
(see Table 5), their program level (also in Table 5), and a count of
courses based on their size range (see Table 4). Additionally, the
average survey response time was approximately 19 minutes and
50 seconds.

Most of the courses we surveyed, both undergraduate and grad-
uate, were intended for computer science majors and minors. The
courses are also taken (as electives) by students from other de-
gree programs such as engineering, information technology, data
science, and finance. Furthermore, most courses appeared to be
called “database systems” or some variation of this and the major-
ity (approx. 65%) appeared to be required for the degree program
(with approx. 35% being elective). The average course duration was
13.1 weeks (max: 24 weeks, min: 5 weeks), and educators claimed
they had 3.27 hours per week on average of direct and meaningful
two-way interaction with individual students.

When asking data systems educators about Q10 (“Is this topic
covered in your course?”) we explicitly looked for coverage of 38
sub-questions (Table 2), where we first identified whether the topic
was “not covered”, covered in a “prerequisite” course, or taught
based on “Bloom’s Taxonomy”, and split by course types: “under-
graduate” (see Figure 4) and “graduate” (see Figure 5). We then
refined the figures to include what level of Bloom’s taxonomy each
concept is taught, based on educator responses, for the “undergrad-
uate” (see Figure 6) and “graduate” (see Figure 7) levels of these
courses.

From the qualitative data, we found that data systems educators
taught the following additional topics:

• Vector databases, temporal databases and graph databases
• Database connectivity (e.g., JDBC, ODBC, or alternative con-
nections to applications)

• Triggers, views, and temporary tables
• Data wrangling and analysis
• Algorithms (e.g., PageRank)
• Ontologies (e.g., RDF, OWL)
• Application development (incl. web)
• Reviewing and analysing research papers
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ID Question Style Options/(Restrictions)

Q1 What is the level of the course? Radio-Button

Options:
— Undergraduate
— Graduate
— Other (with open-textbox)

Q2 In which country the course is given in? Open-Textbox N/A
Q3 What is the title of the data systems course you teach? Open-Textbox N/A
Q4 What year is the course? Open-Textbox (numbers only)
Q5 What is the general course size in number of students? Open-Textbox (numbers only)

Q6 What types of students primarily take this course Open-Textbox N/A(e.g., CS Major, CS Minors, other Computing Majors, Non-Computing)
Q7 Is this course required or elective in your program? Open-Textbox N/A
Q8 How many weeks is the course? Open-Textbox (numbers only)

Q9 How many hours per week has a single student direct Open-Textbox (numbers only)meaningful two-way interaction with the teacher?
Q10 Is this topic covered in your course? — see Table 2 for the detailed sub-topics (Q10.1–Q10.38).
Q11 Are there any other topics covered in the course? Open-Textbox N/A

Q12 Why did you choose these course topics? You can elaborate your answer.
Multi-Select

with
Open-Textbox

Options:
— They were dictated by other courses
— I applied curriculum guidelines
— Someone else (e.g., in the faculty)

dictated them
— They are based on industry needs
— I chose them myself (i.e., based on

intuition, past experiences...)
— I inherited the course from a

predecessor
— They are based on a textbook
— Other

Q13 What active learning techniques do you use in your course? Open-Textbox N/A

Q14 What structure do you primarily use to deliver material in this course Open-Textbox N/A(e.g., lectures, seminars, tutorials, labs, project-based learning, etc.)?

Q15 How do you assess student performance Open-Textbox N/A(e.g., exams, projects, assignments, peer reviews)?

Q16 Do you utilize any online platforms or tools to support your teaching? Open-Textbox N/AIf so, which ones?
Table 1: These are the 53 questions of the DataEd teacher survey questions, including the presentation style provided, and any
relevant options. All questions were required to complete.

Furthermore, when analyzing the responses of Q12 (“Why did
you choose these course topics?”, see Table 6), we observed that
most of the choices revolved around ensuring alignment of the cur-
riculum (whether as a pre-requisite course or to meet accreditation
purposes), meeting industry needs (to help ensure their alumni can
secure a job after graduating), or just because it was easier to teach
this way (since the course had been designed by another faculty
member or taken directly from a course textbook).

When analyzing Q13 (“What active learning techniques do you
use in your course?”), we found the following themes:

• Groupwork and discussion, for example, collaborative projects,
in-class group activities, pair programming, peer review, peer
instruction, think-pair-share exercises.

• Interactive methods, for example, flipped classrooms, think-
aloud problem solving, mini-lectures with active problem
solving, concept mapping, student-led presentations and
demonstrations.

• Hands-on activities, for example, practical laboratories, live
coding/querying, and completion of active worksheets in
lectures.

• Real-world applications, for example, project-based learning,
simulations, and case studies.

• Other techniques, for example, gamification, role-playing,
real-time quizzes, start-stop-continue, and snowball tech-
nique.

When analyzing Q14 (“What structure do you primarily use to
deliver material in this course?”), we saw that lectures, labs, and
tutorials were popular. Additionally, assignments and regular home-
work exercises, projects, and asynchronous learning components
(including flipped classrooms) appeared to be popular among data-
base educators. This closely relates to Q15 (“How do you assess
student performance?”), which appears to include: exams (in 60%
of courses), projects (in 55% of courses), assignments (in 53% of
courses), quizzes (in 16% of courses), and laboratories (in 53% of
courses). Other minor occurrences include tests (in 8% of courses)
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ID Question Style Options/(Restrictions)

Q10 Is this topic covered in your course?— the continuation from Table 1
Q10.1 —relational theory: relations, tuples and attributes

Radio-Button

Options:
— It is not covered.
— It is covered on a prerequisite course.

It is covered with the learning outcome of:
—Remember,
—Understand,
—Apply,
—Analyze,
—Evaluate, or
—Create.

Q10.2 — tuple relational calculus
Q10.3 — relational algebra
Q10.4 — data visualization
Q10.5 — database optimization: indexing
Q10.6 — database optimization: query execution plans
Q10.7 — database optimization: query optimization
Q10.8 — database scalability: replication
Q10.9 — database scalability: sharding
Q10.10 — NoSQL database management systems
Q10.11 — logical and physical data independence
Q10.12 — database management system components
Q10.13 — functions and stored procedures
Q10.14 — data modeling: conceptual modeling
Q10.15 — data modeling: mapping conceptual models to logical models
Q10.16 — data modeling: creating tables and columns
Q10.17 — database normalization: functional dependency, candidate and super keys
Q10.18 — database normalization: normal forms up to BCNF
Q10.19 — database normalization: multivalued dependency
Q10.20 — database normalization: join dependency
Q10.21 — object-oriented data models
Q10.22 — semi-structured traditional data models (e.g., XML)
Q10.23 — SQL: select, project, join
Q10.24 — SQL: insert, update, delete
Q10.25 — SQL: aggregation and group by
Q10.26 — SQL subqueries
Q10.27 — SQL: common table expressions
Q10.28 — transaction processing
Q10.29 — concurrency control and isolation levels
Q10.30 — database back-ups and recovery
Q10.31 — distributed database management systems
Q10.32 — data mining: algorithms
Q10.33 — data mining: associative and sequential patterns
Q10.34 — data mining: data cleaning
Q10.35 — data mining: market basket analysis
Q10.36 — data privacy and ethics
Q10.37 — data security and database access management
Q10.38 — data warehousing

Table 2: Continuation of DataEd teacher survey questions (Table 1), specifically all 38 of Q10’s sub-topics (Q10.1–Q10.38). Some
questions are grouped in green or blue highlight, for the purposes of linking the industry survey. With respect to “learning
outcome”, we refer to the classification seen in Bloom’s Taxonomy [18].

and participation (in 2% of courses). Interestingly, some instructors
tried forms of graded peer reviews, noting that the quality was
often poor and needed to be discontinued. One instructor noted
that they use oral exams.

When analyzing Q15 (“Do you utilize any online platforms or
tools to support your teaching?”), we observed that learning man-
agement systems (LMS, a.k.a., VLE: virtual learning environment)
were popular (e.g., Moodle, Canvas, Blackboard, Brightspace, Aula,
Opal, PrarieLearn, Gradescope, Exam.net, and other custom in-
house eLearning platforms). Additionally, video conferencing tools
(e.g., Zoom, BigBlueButton, Microsoft Teams), coding and data anal-
ysis tools (e.g., Jupyter Notebooks, Google Collab, and DBMSs –
such as MySQL, DB/2, PostgreSQL, MongoDB, and Oracle Data-
base), specialized tools and platforms (e.g., entity-relationship dia-
gram drawing tools Draw.io, ERDPlus, ERDoc), relational algebra

simulators, runestone academy, B-Tree simulators, RapidMiner,
Mentimeter, quiz platforms (e.g., Quizziz, Wooclap, and Kahoot!),
discussion boards (e.g., Piazza), project and collaboration tools (e.g.,
GitHub, Google Drive, Facebook Messenger, Discord, Slack, Mi-
crosoft Teams), and cloud platforms.

4.3 Discussion
This subsection discusses two of the research questions stated in
Section 1. Specifically, we will address:

RQ2: Which topics are a part of data systems courses and how
they are taught?

RQ3: What are the motivations behind educators’ choices for syl-
labus design in data systems courses?
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Figure 4: Topics covered in undergraduate courses, as per Table 2.
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Figure 5: Topics covered in graduate courses, as per Table 2.

106



Data Systems Education: Curricula, Syllabi, and Industry ITiCSE-WGR 2024, July 8–10, 2024, Milan, Italy

Figure 6: Topics covered in undergraduate courses, with a refined breakdown of Bloom’s taxonomy sub-components, as per
Table 2.
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Figure 7: Topics covered in graduate courses, with a refined breakdown of Bloom’s taxonomy sub-components, as per Table 2.
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Country Count
Australia 1
Bulgaria 2
Canada 4
Chile 1

Czech Republic 1
Denmark 1
Finland 2
France 3

Germany 7
Ghana 2
India 2

Indonesia 1
Italy 1

Lebanon 1
Libya 3

Netherlands 3
New Zealand 1

North Macedonia 2
Serbia 1

Singapore 1
Slovenia 1
Sweden 2

United Kingdom 14
United States of America 47

Total: 104
Table 3: Count of participating DataEd educators by country.
One omitted due to entry error.

Number of Students Count Average
0 - 100 76 42
101 - 250 19 182
251 - 500 8 376
501+ 2 825

Average: 108
Table 4: Count of courses by course size.

4.3.1 Included topics and teaching methods. For undergraduate
courses, specifically observing Fig. 4, we see that the following
questions (identified in Table 2) are taught by more than 50% of
data systems educators at the undergraduate level:

Q10.16: “data modeling: creating tables and columns” (96%)
Q10.23: “SQL: select, project, join” (96%)
Q10.24: “SQL: insert, update, delete” (96%)
Q10.1: “relational theory: relations, tuples and attributes” (95%)

Q10.25: “SQL: aggregation and group by” (95%)
Q10.14: “data modeling: conceptual modeling” (92%)
Q10.15: “data modeling: mapping conceptual models to logical

models” (92%)
Q10.26: “SQL subqueries” (92%)
Q10.11: “logical and physical data independence” (91%)
Q10.12: “database management system components” (90%)

Program Level Course Level Count Total

Undergraduate

1 6

78
2 23
3 26
4 13

Unknown 10

Graduate

1 15

272 2
4 3

Unknown 7
Total: 105

Table 5: Count of courses by program and course level. 17
submissions had entry errors and are reported as “Unknown"
(e.g., entering the year the course finished/last happened,
instead of the providing the year/level of the course.

Question Count
“They were dictated by other courses" 25
“I applied curriculum guidelines" 38
“Someone else (e.g., in the faculty) dictated them" 13
“They are based on industry needs" 47
“I chose them myself (i.e., based on intuition, 50past experiences...)"
“I inherited the course from a predecessor" 42
“They are based on a textbook" 43
“Other" 6

Table 6: Counts the number of selections chosen based on
Q12: “Why did you choose these course topics?"

Q10.17: “database normalization: functional dependency, candi-
date and super keys” (90%)

Q10.18: “database normalization: normal forms up to BCNF”
(85%)

Q10.28: “transaction processing” (79%)
Q10.3: “relational algebra” (78%)

Q10.37: “SQL: common table expressions” (77%)
Q10.5: “database optimization: indexing” (76%)
Q10.6: “database optimization: query execution plans” (69%)

Q10.37: “data security and database access management” (69%)
Q10.29: “concurrency control and isolation levels” (68%)
Q10.7: “database optimization: query optimization” (64%)

Q10.13: “functions and stored procedures” (59%)
Q10.19: “database normalization:multivalued dependency” (59%)
Q10.36: “data privacy and ethics” (56%)
Q10.20: “database normalization: join dependency” (55%)
Q10.10: “NoSQL database management systems” (54%)
Q10.30: “database back-ups and recovery” (53%)

Interestingly, topics that are mostly not covered, are data mining
and warehousing, relational calculus, object-oriented data models,
semi-structured traditional data models, database scalability, dis-
tributed database management systems, and data visualization.
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For graduate courses, specifically observing Fig.5, we see that the
following questions (identified in Table 2) are not taught by more
than 50% of data systems educators at the graduate level:

Q10.34: “data mining: data cleaning” (41%)
Q10.38: “data warehousing" (41%)
Q10.36: “data privacy and ethics” (41%)
Q10.32: “data mining: algorithms” (33%)
Q10.35: “data mining: market basket analysis” (26%)
Q10.33: “data mining: associative and sequential patterns” (22%)
Interestingly, when comparing the graduate findings to the un-

dergraduate findings, data mining is the least taught topic. Addi-
tionally, Q10.4 (“data visualization") is one that is often thought
of going hand-in-hand with data systems education [11, 60], but
often not taught in the graduate or undergraduate curriculum at
all. While Q10.18 (“database normalization: normal forms up to
BCNF"), is unsurprisingly considered to be a pre-requisite for some
graduate courses (26% of graduate courses), more surprisingly is
that it is still taught at the graduate level (63%).

For all courses, we see that the following topics (identified in Table 2)
are taught by more than 80% of data systems educators:

Q10.1: “relational theory: relations, tuples and attributes”
Q10.11: “logical and physical data independence”
Q10.12: “database management system components"
Q10.14: “data modeling: conceptual modeling”
Q10.15: “data modeling: mapping conceptual models to logical

models”
Q10.16: “data modeling: creating tables and columns”
Q10.17: “database normalization: functional dependency, candi-

date and super keys”
Q10.23: “SQL: select, project, join”
Q10.24: “SQL: insert, update, delete”
Q10.25: “SQL: aggregation and group by”
Q10.26: “SQL subqueries”

This isn’t surprising as themajority of responses related to under-
graduate courses and these topics can be considered fundamentals
of data systems. Conversely, the following topics are taught by less
than 25% of classes:

Q10.32: “data mining: algorithms”
Q10.33: “data mining: associative and sequential patterns”
Q10.35: “data mining: market basket analysis”

This could be similarly explained by these being considered more
advanced topics. The only other data mining topic data mining:
data cleaning was covered by more classes but still only 41% of
graduate courses and less than 30% of undergraduate courses.

In the DataEd workshop in 2022, they found that unique topics
among the instructors present were “Datalog, database security
and SQL injections” [8]. This is reflected in our findings, as our
topic list, formed from the curriculum analysis in section 3, does
not have separate items for Datalog and SQL injections. On the
other hand, we can map database security to topic 10.37 (data se-
curity and database access management), which was prevalent,
being taught in 54 undergraduate courses 69%, and in 18 of our sur-
veyed graduate courses (67%). Surprisingly, given the supposedly
advanced nature of the topic, two of the undergraduate instructors

mentioned they require knowledge of this topic as a prerequisite
for their course, whereas none of the graduate instructors do. At-
tendees at DataEd’22 furthermore suggested declarativeness and
conceptual modeling as topics that should be taught in more courses
[8]. These are very broad topics, and as such, further investigations
are required to map such suggestions more precisely.

4.3.2 Motivations behind the syllabus. Investigating the motiva-
tions behind data systems educators’ choices for syllabus design in
data systems courses (specifically looking at Table 6, which allowed
for multiple-selection and qualitative input), it appears that most
educators (40%) inherited the course from a predecessor and con-
tinued to teach it the same way. From the qualitative data, it is clear
that many educators do not have the time to renew the course they
are given and many are forced to re-teach using past materials due
to institutional constraints. This was similar to the findings of those
who used a course textbook and its materials (41%). Despite this,
nearly half of data systems educators (48%) found the time to design
or redesign their own courses. Choices regarding what to include
in their courses were based on intuition and past experiences, and
several choices were based on curriculum guidelines (36%). Further-
more, many data systems educators based their course content on
industry needs (45%).

5 Industry Needs
The final study in this paper investigates the current and future
skills required by graduates looking to move into the data systems
industry. In this section, we investigate RQ4: Which data-related
skills are valued for industry roles such as software developers,
data engineers, and data scientists?

This last piece of the puzzle allows us then to discuss the align-
ment between curriculum guidelines, course curricula, and industry
requirements, in order to design education in such a way that it
prepares students well for their further careers.

5.1 Methods
We perform two different analyses: a survey of industry profession-
als and a job advertisement analysis. The aim was to capture the
industry perspective on the data-related skills deemed essential
for entry-level positions requiring database knowledge, as well as
identify the alignment of topics with the curriculum guidelines and
the teacher survey. The job ad analysis then provides real-time data
on the current demands of the job market. Combining the survey of
industry professionals with a job advertisement analysis provides
a more holistic view of the labor market, which can help validate
our findings from the survey as well as complement them.

5.1.1 Job Advertisement Analysis. Job advertisements can provide
an accurate insight into the current state of the job market and the
skills that companies seek in recent graduates. Therefore, we used
Lightcast Q1 2024 USA Data Set [67] to analyze job postings for
database-related roles (Table 8) and all computing occupations (Ta-
ble 9) in the USA. Lightcast’s data is a robust hybrid dataset, derived
from authoritative sources such as the U.S. Census Bureau, Bureau
of Economic Analysis, and Bureau of Labor Statistics, capturing
over 99% of the workforce in the United States. This extensive
2https://en.wikipedia.org/wiki/International_Standard_Industrial_Classification
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ID Question Style Options/(Restrictions)

Q1 Which country are you based in? Open-Textbox N/A
Q2 What primary International Standard Industrial Classification

(ISIC) category does your company belong to?
Radio-Button ISIC categories2

Q3 What is your company size? Radio-Button - Micro: 0-9 employees
- Small: 10-49 employees
- Medium: 50-249 employees
- Large: 250+

Q4 Themost recent total number of employees inmywork unit/de-
partment is approximately:

Open-Textbox (numbers only)

Q5 For a strong candidate for entry-level positions requiring
database knowledge, please indicate the necessary skills by
checking the appropriate level: Critical, High, Moderate, or
Low. If a topic is not applicable, simply skip it.

Radio-Buttons
per topic

- relational theory
- relational algebra
- data visualization
- database optimization (including tuning and performance
analysis)
- database scalability
- cloud computing
- distributed database management systems
- NoSQL database management systems
- logical and physical data independence
- database management system components/internals
- functions and stored procedures
- data modeling
- database normalization
- object-oriented data models
- semi-structured traditional data models (e.g., XML, JSON)
- SQL (Programming Language)
- JDBC, ODBC, or alternative connection to applications
- transaction processing
- concurrency control and isolation levels
- database back-ups and recovery
- this is a sanity check, select "High"
- data mining
- data privacy and ethics
- data security and database access management
- data warehousing
- data processing pipeline

Q6 What gaps, if any, in database knowledge have you observed
in recent graduates you have hired?

Open-Textbox N/A

Q7 What database-related resources (including certifications/train-
ing) do you offer your employees to support them?

Open-Textbox N/A

Q8 Indicate the five most important technical skills you believe
will be essential or fundamental in the next decade for entry-
level positions requiring database knowledge.

Open-Textbox N/A

Q9 Indicate the five most important non-technical skills you
believe will be essential or fundamental in the next decade for
entry-level positions requiring database knowledge.

Open-Textbox N/A

Q10 Please share any additional important skills, resources, com-
ments, or other information.

Open-Textbox N/A

Table 7: These are the 10 questions of the DataEd industry survey questions, including the presentation style provided, and any
relevant options. All questions were required to complete.

coverage is further enriched with data from online social profiles,
resumés, and job postings, providing a comprehensive view of the
workforce. By leveraging Lightcast’s dataset, our analysis gains a
high level of accuracy and depth, offering a detailed understanding
of the current job market demands and the specific skills employers
are seeking. This combination of official data and real-time job
market insights makes Lightcast a reliable source for evaluating

the skills landscape in computing and database-related occupations.
Our analysis focused on three categories of skills: top distinguishing
skills by demand, top defining skills by demand, and top necessary
skills by demand. This detailed analysis helps us understand the
current demands in the job market, providing insights into the skills
required for all computing occupations and database-related roles.
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Type of Skill Skill # Postings Projected Growth
Top Distinguishing Skills SQL Server Integration Services (SSIS) 18,576 14.2%
(Specialized advanced skills) Data Lakes 17,067 10.7%

Database Design 13,926 2.7%
Relational Database Management Systems 13,499 9.8%

Top Defining Skills SQL (Programming Language) 115,189 6.4%
(Core daily tasks) Data Engineering 96,334 16.1%

Extract Transform Load (ETL) 71,813 9.0%
Data Warehousing 53,052 6.0%
Data Modeling 45,657 19.3%

Top Necessary Skills Data Analysis 40,134 25.8%
(Foundational specialized skills) Scalability 29,508 25.2%

Business Intelligence 27,893 21.0%
Data Quality 27,862 21.7%

Table 8: Top skills by demand for database-related occupations

Type of Skill Skill # Postings Projected Growth
Top Distinguishing Skills Computer Science 7,779,181 27%
(Specialized advanced skills) SQL (Programming Language) 5,306,332 18%

Agile Methodology 5,181,547 9%
Top Defining Skills Communication 10,378,351 36%
(Core daily tasks) Management 7,556,555 26%

(Problem Solving 6,066,410 21%
Top Necessary Skills SQL (Programming Language) 5,306,332 18%
(Foundational specialized skills) JavaScript (Programming Language) 4,117,888 14%

Python (Programming Language) 3,552,581 12%
Table 9: Top skills by demand for all computing occupations

The top distinguishing skills are the advanced competencies
that set candidates apart in the job market. These skills are highly
sought after and often indicate a candidate’s specialization and
ability to perform unique tasks. The top defining skills are the core
competencies required to perform daily tasks in the role. These
skills are fundamental and ensure that the candidate can meet the
essential job requirements. The top necessary skills are specialized
skills that are not only required for those roles but are also relevant
across similar jobs. These skills form the building blocks for more
advanced tasks.

These categories of skills show current demands in the job mar-
ket. Table 8 shows the top skills in demand for database-related
occupations, the number of job postings requiring each skill, and
the projected growth for these skills. The data reveals a strong
demand for a mix of specialized advanced skills, core daily tasks,
and foundational knowledge in database-related occupations. Skills
like SQL and Data Engineering remain critical, while areas like
Data Analysis, Scalability, and Data Modeling show high projected
growth, indicating evolving priorities in the data landscape. This
suggests a job market that values both the ability to handle day-to-
day database management tasks and the specialized skills needed
to innovate and improve data systems.

5.1.2 Industry Survey. The industry survey comprised eleven ques-
tions and was distributed to a targeted group of industry profes-
sionals. These professionals were identified through the University
Industry Boards and partnerships with working group members.

Additionally, the survey was shared on LinkedIn and Reddit, specifi-
cally on database-related subreddits. Similar to the teachers’ survey,
an international and diverse range of industry professionals were
surveyed to ensure a broad perspective was considered. For the full
questionnaire, see Table 7.

Different countries employ various standards for classifying
companies based on industry and employee count. To ensure con-
sistency and comparability in our survey, we adopted the classi-
fications provided by the United Nations Statistics Division. For
classification of the type of industry, we utilized the International
Standard Industrial Classification of All Economic Activities (ISIC)
[125]. This classification is the global standard for classifying pro-
ductive activities. It provides unified categories for collecting and
reporting statistics. Since 1948, it has been widely adopted by coun-
tries as a basis for national classifications, facilitating international
comparisons of economic activity data [125]. Regarding company
size, we referred to the guidelines outlined in the Manual on Princi-
pal Indicators for Business and Trade Statistics [124]. To streamline
the survey, we summarized the 38 categories defined in the teachers’
survey, by combining them into broader, high-level topics such as
merging indexing, query execution plans, and query optimization
into database optimization. This adjustment allowed the partici-
pants to focus on overarching themes, as the detailed granularity
of specific topics was deemed less essential for industry-wide un-
derstanding and application.
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In addition to the aggregation, based on the teacher survey out-
comes, new topics were incorporated to address gaps and ambi-
guities. Additionally, we ensured that the language used aligned
with industry terminology by reviewing current job postings and
consulting industry reports. Cross-referencing recognized stan-
dards like ISIC classifications and using tools such as Lightcast’s
workforce data helped maintain accuracy and relevance in our ter-
minology. The topics added from the curriculum guidelines were:
data processing pipeline, cloud computing, and database environ-
mental management and impact. To enhance clarity, some examples
were provided: “database optimisation” was updated to “database
optimisation (including tuning and performance analysis)”, and
“database management system components” was updated to “data-
base management system components/internals”. Similarly, “semi-
structured traditional data models (e.g., XML)” was updated to
“semi-structured traditional data models (e.g., XML, JSON)”.

Analysis of the teachers’ survey qualitative data also led to addi-
tional topics for the industry survey. The survey results revealed
that many courses include topics such as ODBC, JDBC, and other
methods for connecting databases to applications, so we have added
“JDBC, ODBC, or alternative connection to applications” to the list
of topics.

Finally, a sanity check question was included in the list of topics
to help identify any erroneous data to ensure respondents were
completing and accurately reading the questions.

To ensure accurate tracking and analysis of responses the indus-
try survey was distributed to a wide community using two meth-
ods: direct contacts and social media such as Reddit and LinkedIn.
By separating the survey into two versions, responses could be
tracked from known contacts within the industry versus those
from a broader, open-source community. The duplication of the
survey facilitated precise tracking of responses and ensured that we
could manage and analyze data from each community separately,
which allowed us to maintain the integrity of the data and provided
a more organized dataset for subsequent analysis. By using sepa-
rate surveys for different communities, we could more effectively
identify and filter out responses that appeared to be generated by
trolls or non-serious participants. This separation allowed us to
implement targeted checks and controls for each group, improving
the overall quality and credibility of the data. Overall, the dupli-
cation of the survey was a strategic decision aimed at enhancing
the accuracy, relevance, and reliability of the data collected from
diverse respondent groups.

For the topics in question 5 on assessing the necessary skills,
the scale of Critical, High, Moderate, or Low was chosen as it
provides a clear and structured evaluation framework. Responses
were aggregated and analyzed to identify patterns and trends across
Critical, High, Moderate, and Low ratings for each skill category.

Our job advertisement analysis highlighted the importance of
non-technical skills. Therefore, we ended our survey with ques-
tions about potential gaps in database knowledge observed in recent
graduates they hired, including a question on both technical and
non-technical skills. Finally, employers were asked about desired
database-related certifications or training they would prefer their
employees to pursue within their first three years of employment.

This approach allowed for nuanced insights from employers regard-
ing specific challenges encountered in the workforce and expecta-
tions for ongoing professional development. The questionnaire was
wrapped up with an open question for any additional comments or
remarks.

5.2 Results
The social media survey initially yielded 12 responses, with 6 being
fully completed. After applying a sanity check, 2 responses were
excluded, leaving 4 valid responses from this group. The second
survey, distributed to direct contacts, received 38 responses, of
which 30 were fully completed. All participants in this group passed
the sanity check. After combining and cleansing the data, a total of
34 valid responses were used. Our analysis focuses on the combined
dataset to provide a comprehensive overview.

Table 10 provides detailed statistics on the countries represented
in the survey. The survey responses were spread across six coun-
tries, with the majority coming from the United States (11 responses
in total, 10 from direct contacts and 1 from social media). Canada
and Finland also had significant representation, with 7 and 6 re-
sponses from direct contacts, respectively. The United Kingdom
had a total of 5 responses (3 from direct contacts and 2 from social
media). Other countries represented include the Netherlands (4
responses from direct contacts) and Switzerland (1 response from
social media). This diverse spread indicates a range of perspectives
from different geographical regions; however, its limitations are
further discussed in the limitations section.

Country Direct Contacts Social Media
United States 10 1

Canada 7 None
Finland 6 None

Netherlands 4 None
United Kingdom 3 2
Switzerland None 1

Total 30 4
Table 10: Count of participating industry professionals by
country.

The survey responses represent organizations of varying sizes,
providing insights into database management practices across dif-
ferent scales of operation. For an overview of the statistics, see
Table 12. The majority of responses came from large organizations
with over 250 employees, accounting for 19 responses. Such larger
enterprises often have more complex and extensive database re-
quirements. Mid-sized organizations, with 50 to 249 employees,
contributed 7 responses (6 from direct contacts and 1 from social
media), and smaller organizations with 10 to 49 employees were
also represented by 7 responses (6 from direct contacts and 1 from
social media), indicating that database management is relevant
across diverse organizational sizes, though potentially with differ-
ing priorities and resource availability. Only one response came
from an organization with fewer than 10 employees, highlighting a
potential gap in understanding how very small businesses approach
database management.
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Topic Average Median Mode
SQL (Programming Language) 3.2 3 4
data security and database access management 2.7 3 3
data modeling 2.6 3 2
JDBC, ODBC, or alternative connection to applications 2.5 2.5 4
semi-structured traditional data models (e.g., XML, JSON) 2.4 2 4
cloud computing 2.4 2 2
functions and stored procedures 2.3 2 2
data privacy and ethics 2.3 2 2
data processing pipeline 2.3 2.5 3
database optimization (including tuning and performance analysis) 2.2 2 2
NoSQL database management systems 2.1 2 3
database scalability 2.1 2 2
database normalization 2.1 2 2
concurrency control and isolation levels 2.1 2 1
data visualization 2.0 2 1
database back-ups and recovery 2.0 2 2
distributed database management systems 2.0 2 1
transaction processing 2.0 2 1
object-oriented data models 1.9 2 2
data warehousing 1.9 2 2
data mining 1.9 2 1
database management system components/internals 1.9 2 2
relational theory 1.9 1.5 1
logical and physical data independence 1.7 2 2
relational algebra 1.4 1 1

Table 11: Summary of Responses by Topic

Number of Employees Direct Contacts Social Media
250+ 17 2
50-249 6 1
10-49 6 1
0-9 1 None

Total 30 4
Table 12: Participants based on their companies’ number of
employees.

To present the results for the topics in a tabular format (Table 11),
numerical values were assigned to the scale: Critical (4), High (3),
Moderate (2), and Low (1). We report the topics sorted from most
critical to least critical. At a glance, the table shows many ratings
between 1.9 and 2.1, giving them a Moderate score. In addition,
only three scores have medians of High: SQL, data security, and
data modeling.

The responses to the open-ended industry questions consistently
indicated that recent graduates often lack practical experience with
SQL, with their knowledge being largely theoretical. This limitation
hinders their ability to adapt to different database platforms. They
also face challenges in problem-solving, particularly when dealing
with errors—a common occurrence in database work. Additional
gaps were identified in areas such as writing high-performance
queries for large databases, basic database administration, and pre-
venting SQL injection. A noticeable deficiency in troubleshooting
abilities and depth in areas like database optimization, data normal-
ization, and performance tuning was also observed. These findings

suggest a need for more hands-on training and exposure to real-
world database scenarios.

The survey emphasized that a blend of technical and non-technical
skills will be crucial for entry-level positions requiring database
knowledge in the coming decade. Foundational technical skills such
as SQL and NoSQL remain essential for querying databases, while
knowledge of cloud-based architectures, services, and data inte-
gration platforms is increasingly vital as organizations transition
to cloud solutions. Practical expertise in data modeling, database
optimization, performance tuning, and data security is also high-
lighted, alongside proficiency in tools for data visualization and
data pipeline management. Understanding data security tools and
practices, as well as ethical considerations around Personally Identi-
fiable Information, is deemed essential. Emerging areas likemachine
learning, AI, and big data management are also noted, with skills in
vector databases and functional programming gaining importance
for developing advanced data models and automation processes.

Non-technical skills are equally critical, emphasizing communi-
cation, adaptability, and teamwork, both in remote and in-person
settings. The ability to convey data insights and collaborate with
others is vital in data roles. Adaptability and continuous learning
are necessary to keep pace with rapidly evolving technologies,
while problem-solving and analytical thinking skills are essential
for applying data to real-world scenarios. Attention to detail, ethical
awareness, emotional intelligence, and a positive attitude further
enhance a professional’s ability to work effectively within teams
and maintain high standards in their work.
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5.3 Discussion
Direct comparison between the Lightcast results and the industry
survey is challenging due to reporting in frequency versus impor-
tance. The industry survey aligns with academic course topics,
emphasizing exclusively foundational and technical skills. In con-
trast, Lightcast focuses on resume terminology and job postings,
highlighting skills in specific tools and frameworks such as SQL
Server Integration Services (SSIS) and Data Lakes. However, we do
see that both emphasize foundational skills like SQL and data model-
ing, underlining their importance in academic courses and practical
job applications. On the other hand, there are differences in focus
areas: while the industry survey lists topics like data warehousing,
NoSQL database management, and data processing pipelines, Light-
cast emphasizes more specific skills such as SSIS and Data Lakes.
The concept of Data Lakes from Lightcast can be viewed as an
extension or modern iteration of Data Warehousing in the industry
survey, reflecting evolving industry needs for handling vast and
varied data sources. Additionally, Lightcast mentions broader skills
like data engineering and business intelligence, which encompass
multiple topics from the industry survey, suggesting a shift from
individual technical skills to more integrated and comprehensive
roles in data management.

The Lightcast dataset primarily reflects the current job market
demands as captured through job postings, while the industry sur-
vey offers insights into the perceived importance of various skills
from professionals’ perspectives. The alignment in skills like SQL
and data modeling suggests a consensus on foundational skills nec-
essary for database-related roles. However, divergences in areas
like database scalability and cloud computing indicate a potential
gap between what employers seek and what professionals prioritize.
This gap may stem from evolving industry trends, with employers
preferring forward-looking skills while professionals focus on more
established practices.

Our findings suggest that while there is consensus on certain
core skills, a dynamic landscape of emerging skills requires both
professionals and employers to adapt continually to remain relevant
in the field of database management.

6 Discussion
The competencies identified in the different parts of this paper are
derived from various sources. Even so, they are all quite specific,
as that makes it easier for instructors and industry professionals to
rank them. Unfortunately, this makes comparing their prevalence
to the Cruickshank et al. [29] framework for data education chal-
lenging. Their framework uses over-arching themes such as domain
knowledge, problem formulation and data management. Overall, the
competencies seem to focus on the data pipeline, something that
was only rarely mentioned in the curriculum guidelines, and also
not very pressing to most of the database instructors in our teacher
survey. This might be explained by our focus on database curric-
ula over data science, although data science students are in the
target group of many of the surveyed courses. On the other hand,
our industry analysis shows that many of the practical skills by
Cruickshank et al. [29] are also coming up in job openings. Light-
cast analysis shows topics related to infrastructure building, model

building, and model production, as well as data analysis and com-
municating results. Furthermore, the qualitative answers to the
survey show that the industry would value it if students were able
to practice SQL and data modeling more in-depth, instead of the
primarily theoretical approach. This could help to reduce the chal-
lenges in problem-solving and prepare students for writing more
advanced queries, taking into account query performance.

The competencies of Aasheim et al. [4] are slightly more specific,
but also more data systems-adjacent, including concepts of visual-
ization techniques and analytics techniques. The competencies are
not focused on the data pipeline, although the latter concept shows
that it is considered important. Most of the data systems-specific
topics in the competencies are also present in at least one curricu-
lum guideline, including visualization, data capture (information
extraction), and even ethical considerations. There is also some
overlap in the teacher survey, although only on less than half of
the competencies. Overlap is present on the topics:

• Data management (topics 10, 12, 31, 37) which is covered in
between 48 and 67 percent of surveyed courses.

• Data mining techniques (topics 32, 33, 34, 35), covered in 17
to 30 percent of the surveyed courses.

• Data visualization (topic 4), covered in 44% of courses.
• Modeling/analytics techniques (topic 14, 15, 16, 22), with
semi-structuredmodels taught in less than half of the courses
but data modeling on average in 80%.

• Data security (topic 37) in 67% of courses.

Although there is some overlap that is surprising, such as the in-
clusion of visualization and data mining in some courses, the focus
on data systems courses over data science courses can explain the
lack of overlap in topics. As for the industry preferences, there is
overlap in the practical focus of the Aasheim et al. [4] competencies.
The qualitative analysis indicates that students lack experience in
many areas such as query formulation and performance tuning.
The competencies also overlap the industry findings on the topics
of non-technical skills, the survey uncovered skills such as com-
munication of insights and collaboration, which maps onto the
communication skills by Aasheim et al. [4], while problem-solving
and analytical thinking can be mapped to decision making and
evaluation. Finally, ethical awareness was a factor present in both
the survey and the competencies.

6.1 Alignment of curriculum guidelines and
course contents

Overall, curriculum guidelines and teachers take similar approaches
to the design of data systems courses. Various elements of data man-
agement courses can be intuited as important, based on their ubiq-
uitousness in industry or their use as preliminaries for subsequent
courses.

In our course analysis, we see that commonly included topics are
practical skills such as SQL and modeling, and management topics
such as data independence and transactions. These practical skills
were also the most common in our curriculum guideline analysis.
In our course sample, courses were taught that way as they were
inherited from a predecessor or based on a book, without time to
update. This means that the course details are unlikely to be up to
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date on recent guidelines, although another 36% of our participant
mention their course is built on curriculum guidelines.

On the other hand, our analysis shows that the guidelines are
overall significantly distinct tools, having different foci and lack
of common ground. The guidelines all provide distinct lenses on
computer science. Although all included guidelines contain some
skills that we categorize as data management-adjacent, IS2020 and
SE2014 both have fewer than five relevant topics.

The most popular topics in the guidelines are visualization, ana-
lytics, security, modeling, big data, and data management. Compar-
ing this to the most common topic in the courses, we notice that
query languages in general, or SQL specifically, are not a separate
topic in the curriculum guidelines. Query construction is mentioned
in CS2023 and the UK guidelines, but whether these require more
explicit attention is a topic for future discussions.

Finally, neither our analysis of course contents nor our analysis
of curriculum guidelines focused on non-technical skills. For the
curriculum guidelines, these may have been included in the origi-
nals, but we exclusively extracted data management skills. Given
the importance of these skills according to our industry partici-
pants, the inclusion of these skills into data management courses
warrants further discussion.

6.2 Alignment of curriculum guidelines and
industry requirements

Compared to the alignment between curriculum guidelines and
course contents, the guidelines and industry preferences are much
more in line. Both of these sources indicate a focus on practical skills,
such as the data pipeline and forms of data mining and analysis,
as well as database operations and day-to-day management. The
industry survey does show an evolving demand for more advanced
skills such as scalability and cloud computing, which were not
explicitly mentioned in the curriculum guidelines.

We are not able to compare the focus of both sources on non-
technical skills, as we dropped these elements in our analysis of
the curriculum guidelines to focus on data systems-specific skills.

6.3 Alignment of course contents and industry
needs

Although 45% of our instructors say they based their course on
industry needs, Figure 8 shows that there are large discrepancies
between the prevalence of topics being taught and the values that
our industry participants assign to these topics. Some of the topics
with the highest discrepancies are again the more practical, data
management-adjacent topics such as visualization, data mining,
and privacy and ethics.

Topics with a good match with regard to prevalence and impor-
tance are relational theory, relational algebra, data modeling, and
data normalization. These are more traditional data management
topics and seem to be valued relatively well. These form a stable
core for data management courses, even in light of more recent foci
on data science topics or scalability and cloud computing.

One noteworthy topic is SQL, which gained the highest impor-
tance score from industry participants, as well as being one of the
most commonly taught subjects. Nonetheless, the extent to which
SQL is taught seems to be lacking in terms of industry needs. The

qualitative industry questions show us that new hires are often
unprepared for the required query formulation and improvement
tasks. They stress that students needmore practice with these topics
than they are currently getting.

On the other hand, it is important to note that the average and
median scores for all of these topics are relatively small, as can
also be seen in Table 11. One hypothesis could be that different
company types appreciate different skills differently, leading to
lower scores overall. As we do not have enough industry results
to run a statistical analysis, this is a research question for future
work.

The qualitative industry data suggest shifts to distributed, cloud-
based architectures, and the skills that are associated with this are
not reflected much in our course data. However, this might be due
to the skew of our data to undergrad courses, whereas distributed
data management might be seen as a graduate course in many
universities.

6.4 Limitations
First of all, when surveying a multinational audience, several ter-
minology interpretation differences across countries may arise. For
example, interpretation of the term “student outcomes” varies sig-
nificantly: in the USA, it refers to what students are expected to
know and be able to do by the time of graduation [5], whereas in the
UK, “Graduate Outcomes” is employer information for the students
graduated from a higher education course in a specific academic
year [54]. Another difference in interpretation arose in the teachers’
survey, where the question “What is the general course size in num-
ber of students?” was interpreted differently by respondents; some
provided the size of a course section, while others reported the total
number of students who took the course throughout the academic
year. These discrepancies highlight the challenges in obtaining con-
sistent data from a diverse international audience. Finally, the terms
“not covered” and “prerequisite” in the teacher survey seem to have
been interpreted differently by different participants. The term pre-
requisite is something that could refer to the academic regulations
that are mandatory for the eligibility of another course or merely
an expectation that this will have been covered prior to undertak-
ing this course. This ambiguity potentially resulted in some topics
being reported as “not covered” rather than “prerequisite”.

While the industry survey responses show representation from
six countries, there are several limitations to this distribution. First,
the majority of responses are concentrated in just a few countries,
particularly the United States and the United Kingdom, which may
result in a sample that is not fully representative of global perspec-
tives. The relatively low number of responses from other regions,
such as Asia, Africa, and South America, limits the generalizability
of the findings across a more diverse international context. Ad-
ditionally, the number of responses from social media is small (4
in total), which could skew the data toward the perspectives of
direct contacts. This uneven geographical distribution and sample
size may affect the applicability of the results to different cultural,
educational, and professional settings around the world.

A notable limitation of this study is the number of respondents
who started but did not complete both the teachers and industry
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Figure 8: Topics taught (dark gray) and needed in the industry (light gray); the y-axis is normalized from a 4-point Likert scale
and Bloom’s taxonomy; the topics are arranged based on the amount of discrepancy between teaching and industry

surveys. This issue introduces potential biases, as incomplete re-
sponses may reflect differing characteristics or opinions compared
to those who completed the survey. Only complete answers were
considered. Consequently, the final dataset may not fully capture
the diversity of perspectives present in the initial sample. The high
rate of incomplete responses also reduced the overall sample size,
which may affect the statistical power and reliability of the find-
ings. Additionally, incomplete responses suggest potential issues
with the survey design or respondent engagement, which should

be addressed in future iterations of the survey. To mitigate these
concerns, we analyzed the completed responses while acknowledg-
ing the limitations related to missing data and its impact on the
generalizability of our results.

Additionally, another limitation of this study is the potential
misalignment of terminology and language between academic and
industry respondents. The terminology used in the survey may
differ between academic research contexts and practical industry
applications, leading to possible misunderstandings or differing
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interpretations of survey questions. This misalignment could affect
the consistency and accuracy of responses, as academic respondents
might approach questions with a theoretical perspective, while in-
dustry professionals might interpret them based on practical expe-
rience. Future research should consider this potential discrepancy
by refining survey language to ensure that it is comprehensible
and relevant to both groups, thereby enhancing the validity of the
findings.

Variability in the implementation of data systems topics across
different institutions may limit the ability to draw uniform con-
clusions about what is taught. Differences in course structure, in-
structor expertise, and institutional priorities can lead to significant
variations in how topics are covered. To address this, a more de-
tailed examination of how specific topics are taught and the factors
influencing these variations could be done.

The evaluation of which data systems topics are valued in indus-
try roles may be influenced by the subjective opinions and biases of
various stakeholders. This subjectivity can lead to variability in the
perceived importance of different topics. Future studies should con-
sider employing multiple evaluators or using objective measures to
assess the value of different data systems topics to help mitigate
this.

Some smaller limitations that have to do with methods and de-
signs are: the lack of sanity check in the teacher survey, although
this is mitigated by the participants being recruited within-network.
We also did not think to consider whether the focus of a data man-
agement course within a computer science programwould be differ-
ent than within a data science or AI program. Including a question
on the program that the course resides in would have made us able
to distinguish between these.

Overall, a set of studies of this size will always have some short-
comings, but we hope that the practical implementations and rec-
ommendations in the next section will provide useful suggestions.

6.5 Practical Implications and
Recommendations

In general, aligning the data system topics in curriculum guide-
lines and course contents with industry needs serves higher educa-
tion students by efficiently preparing them for their future work.
However, the discrepancies between industry needs and higher
education should not necessarily be interpreted as gaps to fill in
data systems education. Higher education does not exclusively aim
to train students on the topics which are relevant in industry, but
instead aims to educate a new generation of academics. This means
a focus on other topics too, to build knowledge foundations and
skills such as scientific reporting.

On the other hand, the cycles in which curriculum guidelines and
course contents are updated, and simply the fact that it takes several
years to graduate, might effectively mean that students are always
equipped with an at least somewhat out-of-date skill set when
moving to industry. With that in mind, teaching the foundations
of data management and the underlying principles (e.g., relational
algebra) provides a safeguard and strong base in case the specific
query languages and other state-of-the-art elements the instructor
teaches do not align with local industry preferences.

Furthermore, our industry analysis points to a lack of practice
among students. Data management courses need to touch upon
many different topics, meaning that most topics are only in fo-
cus during one or two lectures. As a result, students only have
superficial practice on these topics, making it harder for them to
become fluent in working with them. It would be interesting to
study how the practice of foundational data management skills can
be expanded by means of follow-up courses, capstones, or even in-
dustry internships, as well as to talk to recent graduates to evaluate
their experience.

Finally, data management-adjacent topics such as data mining,
analytics, and visualization were shown to be important, both in
some curriculum guidelines as well as in our industry survey. How-
ever, given the large number of topics and lack of practice that
we already see in the current setup of data management courses,
perhaps as teachers we should decide that the place for these data
science topics is in another course.

7 Conclusions
Data systems have been a part of effectively all computing curricula
for decades, and several curriculum guidelines include data system
topics as one of the core topics in computing. Additionally, many po-
sitions in industry require data systems knowledge such as database
programming, query languages, database design, and data analyt-
ics. Consequently, there are many courses in higher education that
prepare students for various data-focused roles in their future ca-
reers. However, possibly due to the ubiquitous and changing nature
of data systems, it has remained largely unclear how accurately
curriculum guidelines, data systems teaching in higher education,
and the needs of data-focused roles in industry align. To that end,
we analyzed the similarities and discrepancies between curriculum
guidelines, course contents, and industry needs in order to under-
stand what is potentially missing from guidelines and courses, and
which topics are potentially extraneous when educating future
data professionals in higher education. Our recommendations and
guidelines suggest to keep teaching the foundations, while making
space for repeated practice and include non-technical skills practice
wherever possible.
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Appendix
A Data systems topics covered in curriculum

guidelines
We analyzed all undergraduate level curriculum guidelines pub-
lished by ACM, andmarkedwhether the topics therein were directly
or tangentially related to data systems topics. In the tables below,
we list topics proposed in each curriculum guideline and how those
topics are related to data systems. Topics directly related to data
systems are presented in bold text, topics tangentially related are
presented as plain text, and topics unrelated are presented as gray.

A.1 CS2023
Artificial Intelligence: Fundamental Issues; Search; Fundamental

Knowledge Representation and Reasoning; Machine Learning; Ap-
plications and Societal Impact; Logical Representation and Reason-
ing; Probabilistic Representation and Reasoning; Planning; Agents
and Cognitive Systems; Natural Language Processing; Robotics;
Perception and Computer Vision.

Data Management: The Role of Data and the Data Life
Cycle; Core Database System Concepts; Data Modeling; Re-
lational Databases; Query Construction; Query Processing;
DBMS Internals; NoSQL Systems; Data Security and Privacy;
Data Analytics; Distributed Databases/Cloud Computing;
Semi-structured and Unstructured Databases; Society, Ethics,
and the Profession.

Human-Computer Interaction: Understanding the User Individual
goals and interactions with others; Accountability and Responsi-
bility in Design; Accessibility and Inclusive Design; Evaluating the
Design; System Design; Society, Ethics, and the Profession.

Software Engineering: Teamwork; Tools and Environments; Prod-
uct Requirements; Software Design; Software Construction; Soft-
ware Verification and Validation; Refactoring and Code Evolution;
Software Reliability; Formal Methods.

Security: Foundational Security; Society, Ethics, and the Profes-
sion; Secure Coding; Cryptography; Security Analysis, Design, and
Engineering; Digital Forensics; Security Governance.

Society, Ethics, and the Profession: Social Context; Methods for
Ethical Analysis; Professional Ethics; Intellectual Property; Privacy
and Civil Liberties; Communication; Sustainability; Computing
History; Economies of Computing; Security Policies, Laws and
Computer Crimes; Diversity, Equity, Inclusion, and Accessibility.

Specialized PlatformDevelopment: CommonAspects/Shared Con-
cerns; Web Platforms; Mobile Platforms; Robot Platforms; Embed-
ded Platforms; Game Platforms; Interactive Computing Platforms;
SEP/Mobile; SEP/Web; SEP/Game; SEP/Robotics; SEP/Interactive.

A.2 CCDS2021
Analysis and Presentation: Foundational considerations; Visual-

ization; User-centered design; Interaction design; Interface design
and development.

Artificial Intelligence: General; Knowledge representation and
reasoning – logic based; Knowledge representation and reasoning
– probability based; Planning and search strategies.

Big Data Systems: Problems of scale; Big data computing
architectures; Parallel computing frameworks; Distributed
data storage; Parallel programming; Techniques for Big Data
applications; Cloud computing; Complexity theory; Software
support for Big Data applications.

Computing and Computer Fundamentals: Basic computer archi-
tecture; Storage systems fundamentals; Operating system basics;
File systems; Networks; The web and web programming; Compilers
and interpreters.

Data Acquisition, Management, and Governance: Data ac-
quisition; Information extraction;Workingwith various types
of data; Data integration; Data reduction and compression;
Data transformation; Data cleaning; Data privacy and secu-
rity.

Data Mining: Proximity measurement; Data preparation; In-
formation extraction; Cluster analysis; Classification and regres-
sion; Pattern mining; Outlier detection; Time series data; Mining
web data; Information retrieval.

Data Privacy, Security, Integrity, and Analysis for Security: Data
privacy; Data security; Data integrity; Analysis for security.

Machine learning: General; Supervised learning; Unsupervised
learning; Mixed methods; Deep learning.

Professionalism: Continuing professional development; Commu-
nication; Teamwork; Economic considerations; Privacy and confi-
dentiality; Ethical considerations; Legal considerations; Intellectual
property; On automation.

Programming, data structures and algorithms: Algorithmic think-
ing and problem solving; Programming; Data structures; Algo-
rithms; Basic complexity analysis; Numerical computing.

A.3 IS2020
Foundations: Foundations of Information Systems.

Data: Data and Information Management (including Databases);
Data and Business Analytics (including Data Mining, AI, BI); Data
and Information Visualization.

Technology: IT Infrastructure (including Networking, Cloud);
Secure Computing; Emerging Technologies (IOT, blockchain).

Development: Systems Analysis and Design; Application Devel-
opment and Programming; Object-Oriented Paradigm; Web Devel-
opment; Mobile Development; User Interface Design.

Organizational Domain: Ethics, use and implications for society;
IS Management and Strategy; Digital Innovation; Business Process
Management.

Integration: IS Project Management; IS Practicum.

Information Management: Perspectives and impact; Data-
information concepts; Data modeling; Database query lan-
guages;Data organization architecture; Special-purpose databases;
Managing the database environment.
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Integrated Systems Technology: Perspectives and impact;Data
mapping and exchange; Intersystem communication protocols;
Integrative programming; Scripting techniques; Defensible integra-
tion.

System Paradigms: Perspectives and impact; Requirements; Sys-
tem architecture; Acquisition and sourcing; Testing and quality
assurance; Integration and deployment; System governance;
Operational activities; Operational domains; Performance anal-
ysis.

Software Fundamentals: Perspectives and impact; Concepts and
techniques; Problem-solving strategies; Program development; Fun-
damental data structures; Algorithm principles and development;
Modern app programming practices.

A.4 CSEC2017
Data Security: Cryptography; Digital Forensics; Data Integrity

and Authentication; Access Control; Secure Communication Proto-
cols; Cryptanalysis; Data Privacy; Information Storage Security.

System Security: System Thinking; System Management; Sys-
tem Access; System Control; System Retirement; System Testing;
Common System Architectures.

Human Security: Identity Management; Social Engineering; Per-
sonal Compliance with Cybersecurity Rules/Policy/Ethical Norms;
Awareness and Understanding; Social and Behavioral Privacy; Per-
sonal Data Privacy and Security; Usable Security and Privacy.

Organizational Security: RiskManagement; Security Governance
and Policy; Analytical Tools; Systems Administration; Cybersecu-
rity Planning; Business Continuity, Disaster Recovery, and Incident
Management; Security Program Management; Personnel Security;
Security Operations.

Societal Security: Cybercrime; Cyber Law; Cyber Ethics; Cyber
Policy; Privacy.

Software Design: History and overview; Relevant tools, stan-
dards, and/or engineering constraints; Programming constructs
and paradigms; Problem-solving strategies; Data structures; Recur-
sion; Object-oriented design; Software testing and quality; Data
modeling; Database systems; Event-driven and concurrent program-
ming; Using application programming interfaces; Datamining; Data
visualization.

A.5 SE2014
Computing essentials: Computer science foundations; Construc-

tion technologies; Construction tools.

Software modeling and analysis: Modeling foundations; Types
of models; Analysis fundamentals.

Software design: Design concepts; Design strategies; Architec-
tural design; Human-computer interaction design; Detailed design;
Design evaluation.
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