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A B S T R A C T

This study examines the first two introductory computer science courses (CS1 and CS2) at the world's top uni
versities, focusing on the choice of programming languages and paradigms, assessment types and weights, and 
policies regarding student use of AI tools. Data were compiled from 150 programming courses across 83 in
stitutions ranked in the Shanghai 2023 Global Ranking of Academic Subjects for Computer Science & Engi
neering. The analysis reveals that the prevailing languages are Python in CS1 (32.5 %) and Java in CS2 (56.7 %). 
Typical transitions from CS1 to CS2 involve moving from Python or C to Java. There are some regional pref
erences: Asian institutions favor lower-level languages like C and C++, whereas European universities explore 
functional programming languages like Haskell. Regarding programming paradigms, CS1 emphasizes imperative 
approaches, sometimes introducing object-oriented concepts later in the course, while CS2 consolidates object- 
oriented programming. However, some CS1 courses adopt a functional paradigm. Course assessments are typi
cally divided into several categories, with a preference for exams and various types of continuous assessments. 
However, there is also significant use of projects, quizzes, and labs. Examinations usually have the highest weight 
in the final grade. Course-level policies on students' use of generative AI tools reveal very different approaches, 
from complete prohibition to active encouragement. These findings offer valuable insights into how leading 
universities approach programming education in a multidimensional view that includes languages, paradigms, 
assessments, and AI tools policies.

1. Introduction

The Teaching of Programming plays a fundamental role in training 
professionals in computer science. More than just technical knowledge, 
programming courses provide an environment for developing trans
versal skills such as abstraction, logical thinking, and problem-solving. 
The first introductory programming course, often referred to as Com
puter Science 1 (CS1), focuses on the fundamentals of programming and 
computational thinking [1,2]. The subsequent course, hereafter referred 
to as Computer Science 2 (CS2), has less consensus on its specific content 
and may include advanced programming topics, new paradigms, algo
rithms, data structures, or other concepts, depending on the institution 

[1]. In CS1, the language used can significantly influence students’ 
learning, shaping their preparation for more advanced courses and 
future professional challenges.

There is no consensus on the best approach to teaching introductory 
programming [3], as there are several factors that influence this choice, 
such as the ease of learning the language, pedagogical reasons, the 
programming paradigm, the relevance of the language in the job market, 
and even the individual preferences and previous experience of the in
structors. Several studies have presented sets of objective criteria for 
consideration when selecting programming languages to adopt [4–7].

The choice of programming language appears to influence student 
learning, as some languages, due to their complexity in syntax and 
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semantics, may overwhelm beginners and distract their focus from un
derstanding fundamental programming concepts [8]. Such complexity 
and distraction can impact students’ confidence in and perception of 
their programming skills.

The programming paradigm used in the courses also influences both 
the learning process and the way problems are solved. Imperative pro
gramming, based on sequences of instructions that alter states, leads 
students to focus on the details of implementation, favoring algorithmic 
reasoning. In object-oriented programming, the focus is on modelling a 
problem as a set of entities that relate to each other, reflecting real-world 
systems, and allows the development of abstraction and modularity 
skills. In functional programming, focused on mathematical data 
transformations, students develop the ability to decompose and gener
alize problems. Learning to work with each one, understanding their 
strengths and applicability, empowers students to develop their pro
gramming abilities. It is essential that curricula address multiple para
digms, allowing the integration of complementary perspectives [9] and 
providing students with tools for their future careers, at a time when 
software development often draws on concepts from different pro
gramming paradigms [10].

CS Curricula 2023 [11], a curriculum guidance for computer science 
courses, developed in collaboration with the Association for Computing 
Machinery (ACM), the IEEE-Computer Society (IEEE-CS), and the As
sociation for the Advancement of Artificial Intelligence (AAAI), defines 
core competencies and essential knowledge areas, prioritizing learning 
outcomes and pedagogical flexibility over specific programming lan
guages. Regarding the Software Development Fundamentals (SDF), the 
document mentions that SDF is “generally covered in introductory 
courses, often called CS1 and CS2” and that the SDF knowledge area 
“assumes a contemporary programming language with built-in support 
for common data types including associative data types like dictionar
ies/maps as the vehicle for introducing students to programming (e.g., 
Python, Java). However, this is not to discourage using older or 
lower-level languages for SDF— the knowledge units […] can be suit
ably adapted for the actual language used.” [11]. This supports the focus 
on CS1 and CS2 as the natural context to investigate language, para
digm, and pedagogical trends.

In addition to choosing languages and paradigms, one of the chal
lenges institutions currently face is determining how to effectively 
integrate generative AI into an educational context. On the one hand, it 
offers unique opportunities for learning programming, enhancing 
learning by acting as tireless and always available personalized tutors, 
allowing students to follow their own pace. Fan et al. [12] demonstrate 
how the use of AI-assisted pair programming significantly increases 
intrinsic motivation, reduces anxiety in coding, and improves student 
performance. On the other hand, a passive attitude from the student and 
excessive dependence on these tools can negatively affect autonomy, 
performance, and the ability to solve problems without assistance [13]. 
This requires teachers and institutions to define how they intend to 
integrate these tools into the education system and to establish clear 
guidelines for students on how they can use them, both for learning 
purposes and to maintain academic integrity in the assessment process.

There is also considerable diversity in assessment methodologies 
between courses, institutions, and contexts. Even the medium on which 
the exam is taken is not agreed upon, and there is still frequent debate 
about whether coding exams should be taken with pen and paper or on a 
computer [14]. Formative assessment, on the other hand, has several 
advantages, motivating and engaging students more and reducing the 
anxiety associated with final exams [15].

The best universities often set trends and best practices in higher 
education. Identifying the programming languages, paradigms, and 
methodologies that they use in CS1 and CS2 enables us to understand 
patterns that could serve as a benchmark for decision-makers at other 
institutions and future research, contributing to an overall improvement 
in programming education and, consequently, in computer science 
education.

This article extends and revises a conference paper presented at 
WorldCIST 2025 [16]. The original study primarily focused on the dis
tribution of programming languages in CS1 and CS2, analyzing language 
transitions between courses, and regional variations across top-ranked 
universities. The selection of these universities was based on the 
Shanghai Ranking, due to its established international recognition and 
focus on objective, transparent, and research-based metrics, ensuring 
that the study reflects high-quality institutions representative of 
different regions and educational contexts. The subject-specific 2023 
Global Ranking of Academic Subjects about Computer Science & Engi
neering was used to identify the best institutions in the field relevant to 
the study.

In this revised version, the scope of analysis has been significantly 
expanded to address three topics: (i) how are programming paradigms 
distributed in CS1 and CS2, and what alignment patterns emerge; (ii) 
what assessment categories and grade weights are used, and how do 
they differ between CS1 and CS2; and (iii) what types of course-level 
policies exist for the use of generative AI by the students, an aspect 
increasingly relevant to programming education. These additions offer a 
more comprehensive view of the various approaches employed in 
introductory programming courses.

This study complements previous regional and survey-based 
research by applying a systematic analysis to primary data sources 
from a worldwide selection of top universities. While previous studies 
have successfully employed document analysis in specific national 
contexts or relied on voluntary surveys of instructors for global 
coverage, this research leverages the objective metrics of the Shanghai 
Ranking (2023). This approach provides a baseline of curricular trends 
specifically in the world's leading computer science departments. 
Furthermore, this study offers a multidimensional view of the curricu
lum that goes beyond isolated language statistics, adding new di
mensions and simultaneously examining languages, paradigms, 
assessment, and AI policies.

The following sections review related works and contextualize the 
study (Section 2), describe the methodology and used data (Section 3), 
present and discuss the results (Section 4), and conclude with a summary 
of the main contributions and suggestions for future research (Section 
5).

2. Related work

The choice of programming languages for introductory program
ming courses has been the subject of study at various higher education 
institutions. Several previous works present a comprehensive overview 
of the languages and practices adopted in different regional and insti
tutional contexts, providing insights into the trends and criteria used to 
select these languages.

2.1. Regional and national surveys

In 2017, Murphy, Crick and Davenport [17] surveyed the introduc
tory programming courses offered in 80 Computer Science degree pro
grams at universities in the United Kingdom, analyzing the languages, 
paradigms, and tools used in these courses. Java appears to be the 
dominant language, being used in more than half of the courses, despite 
Python being considered more accessible for both teaching and learning, 
and the fact that students are generally not programming experts. The C 
family of languages (C, C++, and C#) are used in almost a third of cases. 
The prevailing paradigms were object-oriented (50 %), followed by 
procedural (33.8 %), and, lastly, functional (8.75 %).

In 2018, Avouris [18] also surveyed higher education institutions in 
Greece, using a public database containing information on programs of 
study, courses and recommended textbooks, with a focus on pedagogical 
approaches, programming languages, and tools used. C was identified as 
the most used language in the programming courses analyzed, present in 
37 % of the courses, followed by MATLAB (17 %) and Basic (11 %). The 
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remaining languages had representations of 6 % or less, reflecting the 
differences concerning educational systems in other countries.

Additionally, in 2018, Ezenwoye [19] mapped the most popular 
languages in introductory computer science courses in higher education 
and the factors that influenced their adoption in the North American 
context. Java was identified as the most popular language (41.94 %), 
followed by Python (26.45 %) and C++ (19.35 %). The study analyzed 
the factors considered important when choosing a language, with the 
most frequently mentioned being the language's characteristics (26.19 
%), ease of learning (18.81 %), and job opportunities (14.76 %). The 
study also shows that, most of the time (58.27 %), curricula have three 
additional programming courses beyond the introductory one.

In 2019, Becker [20] conducted an exhaustive study of introductory 
programming courses in higher education institutions in Ireland, 
including universities, institutes of technology, and private colleges. The 
most widely used language identified was Java, which is present in 49 % 
of courses, including a course that starts with Scratch. The following 
languages were Python (28 %), JavaScript (18 %), and C and C# (both 
with 10 %). The study also assessed whether courses used only one 
programming language and found that when courses used Python or 
Java, they typically did not use any other language. Examining the re
ported paradigms, the responses were categorized as object-oriented 
(43 %), procedural (23 %), functional (15 %), logical (8 %), other or 
mixed (8 %), and 5 % used no particular paradigm. The main paradigms 
corroborate the results of the 2016 UK survey mentioned above [17]. 
The study also explored the reasons for choosing the languages: rele
vance to the industry, availability/cost for students, and pedagogical 
benefits. Other assessments were course structure, instructors' percep
tions of students’ difficulties in learning the language, and perceptions 
of the usefulness of the language for teaching fundamental programming 
concepts. The instructors considered C++, Java, and C to be the most 
difficult to learn, and all the languages were considered helpful in 
learning the fundamental concepts.

Realizing the limited literature available on the languages used in 
introductory programming courses in management information systems 
(MIS) curricula, in 2021 Smith and Jones [21] surveyed US business 
college MIS programs. The findings revealed that the most popular 
languages in use were Python (36 %), followed by Java (21 %), Visual 
Basic (13 %), and C# (11 %). The study showed that the adoption of 
Python in most courses was made very recently, and that the adoption of 
Visual Basic has been declining significantly, whereas it was previously 
the most widely used language. When asked if there were plans to 
change the language, 85 % responded negatively.

Siegfried et al. have updated and expanded the historical Reid List, 
created by Richard Reid in the early 1990s to track the programming 
languages in introductory computer science courses at universities 
across the United States. The most recent analysis [22], published in 
2021, shows that CS1 language choice is predominantly Java, Python, 
C++, and C, with one of these languages used by 88 % of the surveyed 
institutions. There has been a consistent increase in Python, mainly to 
the detriment of Java and C++. In CS2, the main choices are even 
clearer, with a significant predominance of Java, followed at a distance 
by C++. The study also identifies patterns of continuity and transition 
between CS1 and CS2, showing that most of the programs retain the 
same language across both courses (54 %), and the most common 
transition is from Python to Java.

2.2. Global surveys

More recently, in 2024, Mason et al. [23] conducted a global survey 
of introductory programming courses, involving instructors from 18 
countries across six continents. The study identified Python and Java as 
the most widely used programming languages, each accounting for 
around 40 % of the courses analyzed. Other languages, such as C++ and 
C, also appeared with significant frequency (12 % and 10 % respec
tively). Also mentioned, but more marginally, were JavaScript, 

Processing, Racket, Scala, Go, and Bash, the latter two used in 
conjunction with another language. Among the factors influencing the 
choice of languages, pedagogical benefits were the most important, 
followed by platform independence and cost/accessibility for students. 
Relevance to industry was also mentioned, but to a lesser extent than in 
previous regional studies. The study also revealed regional variations, 
with Python dominating the Americas and Java being more prevalent in 
Oceania. They also asked what the taught paradigm was, and the results 
show that the most common was procedural (54 %), followed by 
object-oriented (41 %) and functional (5 %). Additionally, it examined 
programming environments and the impact of remote teaching during 
the pandemic. Nevertheless, it was pointed out that the responses 
collected were “very US-dominated” (54 % of the institutions), a limi
tation of the study.

These studies highlight the diversity of practices in teaching intro
ductory programming, influenced by pedagogical, regional, and insti
tutional factors. However, most rely on data reported from voluntary 
surveys. Analyzing the syllabi of the best universities in the Shanghai 
Ranking offers a methodologically distinct opportunity to identify pat
terns in the practices of the most prestigious and globally relevant in
stitutions. This includes not only consolidating data on programming 
language and paradigm to track temporal shifts but also providing new 
insights into assessment practices and the emerging role of AI tools.

3. Methodology

The overall methodology followed a structured, multi-step process 
involving sampling and scoping, data acquisition, classification and 
categorization, and analysis (Fig. 1). Acquiring the data needed for this 
study proved laborious and presented a few obstacles. First, institutions 
were selected using the 2023 Shanghai Ranking for Computer Science 
and Engineering. The most relevant undergraduate program at each 
institution was then identified through institutional websites, followed 
by the selection of the first two introductory programming courses, 
designated CS1 and CS2, according to their chronological position in the 
curriculum. Detailed courses information was collected and organized, 
and additional searches were conducted when data was ambiguous or 
insufficient, to identify programming languages, paradigms, assess
ments methods, and policies regarding students’ use of generative AI. 
Finally, a descriptive statistical analysis was performed on the struc
tured and coded data.

3.1. Selection of institutions from the Shanghai Ranking

The selection of universities was based on the Shanghai Ranking, one 
of the most influential world rankings. The 2023 Global Ranking of 
Academic Subjects (GRAS) in the discipline of Computer Science and 
Engineering was used to identify the most relevant institutions to pro
gramming education. This ranking uses a “range of objective academic 
indicators and third-party data to measure the performance of the 
world's universities in their respective disciplines, covering five broad 
categories of evaluation, such as World-Class Faculty, World-Class Pro
duction, High-Quality Research, Research Impact and International 
Collaboration” [24].

While there are other global rankings, such as Times Higher Edu
cation (THE) or QS World University Rankings (QS), these include some 
subjective measures, such as academic and employer reputation through 
surveys. The Shanghai Ranking approach is more objective, quantitative 
and research-focused, based on the quality and impact of scientific 
production, international collaboration and quantity and quality of 
faculty and researchers involved in Computer Science Projects.

3.2. Identification of CS1 and CS2 courses

The next step involved identifying the most significant degree pro
gram at each institution. The institutions' websites were consulted to 
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identify undergraduate programmes with “Computer Science” in their 
name or with thematically related names (e.g., Informatics) and 
collected information on their curricular structure. When multiple pro
grammes existed in the field, the one most directly related to “Computer 
Science” was selected based on the name and analysis of the syllabus, 
prioritizing those with a stronger focus on the programming subject.

Then, based on the syllabus, the existing programming-related 
courses were identified. The two introductory courses usually have the 
term “Programming” in their names (e.g., “Introduction to Program
ming”, “Programming I”, “Algorithm and Programming”, “Object-Ori
ented Programming”); however, this is not always the case (e.g., 
“Computational Thinking”, “Object-Oriented Development”).

The first two programming courses were identified based on their 
chronological position within the curriculum. Typically, the first 
programming-related course is introduced in the first term of the degree, 
and the second course in the second term.

For each course, the description, topics/content, learning outcomes, 
assessment criteria, learning tools, and information about the use of 
generative AI were collected and recorded. Data was stored and orga
nized using a spreadsheet.

The collected information was reviewed to identify the programming 
languages. When information was incomplete or ambiguous, additional 
searches were conducted, including contacting faculty staff via email. To 
mitigate language barriers, the official English versions of the websites 
were referenced when available, and machine translation tools were 
used when necessary.

It was possible to successfully identify the programming languages in 
150 courses, comprising 83 introductory programming courses and 67 s- 
level programming courses, from a total of 83 institutions across 14 
countries, representing four continents: North America, Asia, Europe, 
and Oceania (Table 1).

3.3. Classification of languages, paradigms, and assessments

A descriptive statistical analysis was conducted to identify the dis
tribution of the different programming languages in CS1 and CS2, the 
progression from the first to the second, and the influence of 
geographical factors and institutional ranking. Tables and graphs were 
created to illustrate the results and support further discussion.

The identification of programming paradigms relied not only on the 
programming language but also on the course description, topics, and 
learning outcomes. This was necessary, since some languages are multi- 
paradigm, requiring identification of the paradigm used in the course. In 
that case, the classification used a structured decision process (Fig. 2): (i) 
if there is an apparent reference to a paradigm in the syllabus, then re
cord the paradigm (e.g., “Object-oriented software development.” → 
object-oriented paradigm); (ii) if there are no direct reference and the 
language is multi-paradigm, then infer from the syllabus (e.g., “Java 
programming language is used to introduce fundamental programming 
concepts, including conditionals, loops, arrays, functions” → imperative 
paradigm); (iii) if no evidence was available, then the paradigm was 
recorded as Not Determined (e.g., “Programming 2 - This class is the 
second course in computer programming, taught using Java.” → Not 
Determined). For each course, all paradigms supported by textual evi
dence were recorded.

Assessment methods were grouped into broader categories (see 
Table 5 in the Results section for details). Then, for each course, all the 
assessment categories used by it were marked.

3.4. Data availability and ambiguities

A significant limitation was the variability in data availability and 
clarity across institutions. No data from some institutions seems to be 
publicly available, and only partial data was found from others. The 
information provided differed significantly, and it was not possible to 
access the syllabus at some institutions because it was not publicly 
available or because the language barrier made it impossible to under
stand how to obtain the information, even with the assistance of trans
lators. In other cases, the programming language was not explicitly 
indicated, even with access to the syllabus.

Of the 100 institutions analyzed, there were 17 institutions, all in 
China, with no accessible information about any of the initial courses 
due to the absence of publicly accessible syllabi. In addition, there were 
16 institutions where the CS2 programming language could not be 
verified.

Another point to note is that some courses use multiple programming 
languages. In seven cases, two programming languages were identified 
as being taught within the same course, while in three courses students 
could choose one out of two or three languages. For these ambiguous 
cases, a structured decision tree was applied, which will be explained in 
the related sections later.

Fig. 1. Flowchart of the decision process for classifying programming paradigms used in CS1 and CS2 courses.

Table 1 
Number of courses successfully verified by country.

Country Total Institutions Total Courses CS1 CS2

United States 27 54 27 27
China 23 36 23 13
Australia 8 14 8 6
United Kingdom 7 14 7 7
Canada 5 10 5 5
Singapore 3 6 3 3
South Korea 2 2 2 0
Switzerland 2 4 2 2
Saudi Arabia 1 2 1 1
Denmark 1 1 1 0
China-Macau 1 2 1 1
Belgium 1 1 1 0
Germany 1 2 1 1
Finland 1 2 1 1
Total 83 150 83 67
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4. Results and discussion

This section analyses the programming languages used in introduc
tory computer science courses, focusing on their distribution across 
undergraduate programs, the transitions between languages from CS1 to 
CS2, and the regional variations in the adoption of programming 
languages.

4.1. Distribution of programming languages

Table 2 presents the programming languages used in the two intro
ductory computer science courses, along with their frequency of use in 
CS1 and CS2. Additionally, it shows the number of times when both 
courses within the same undergraduate program have the same 

language.
Most courses use a single mandatory programming language (94 %). 

However, six courses use two languages (C and C++, C, and Python) or 
even more (C and C++ and Assembly, Haskell and Kotlin/Java, and C). 
In five cases, students can choose the course they enroll in, determining 
the programming language they will learn (Java or Python or MATLAB, 
Python or C, Python or F#, Python or Python and C, OCaml or C and 
C++ and Assembly).

Java, Python, C, and C++ are the most chosen programming lan
guages for the two initial courses. Together, they are mandatory in 131 
(87.3 %) courses. This count rises to 137 (91.3 %) of the courses when 
considering elective options.

Java is the most widely used language in the two introductory pro
gramming courses, which are mandatory in 55 (36.7 %) of the courses 
analyzed. It is significantly the most common language in CS2, used in 
38 courses (56.7 %), and the second most common in the initial pro
gramming course in at least 16 (19.3 %) courses. Of the 13 institutions 
that use the same language in both introductory courses, 10 use Java.

Python is the second most common language, leading as the choice 
for introductory programming courses with at least 27 occurrences 
(32.5 %). However, it is less frequently chosen for CS2, dropping to 
fourth place with only 5 (7.5 %).

C and C++, sometimes used together, are the third and fourth most 
used languages, respectively, with a balanced presence in CS1 and CS2. 
As a mandatory language, C appears in 27 courses (18.0 %), being used 
14 times in CS1 (16.9 %) and 13 times in CS2 (19.4 %). C++, on the 
other hand, is mandatory in 19 (12.7 %) courses, with 10 in CS1 (12.7 
%) and 9 in CS2 (13.5 %). Two institutions use C++ in both courses.

In total, 15 programming languages have been identified. Besides the 
ones mentioned, OCaml, JavaScript, Assembly, and Haskell are taught in 
2–5 courses, in that order. Additionally, C#, F#, Kotlin, MATLAB, 
Racket, Ruby, and Source, a family of sublanguages of JavaScript, are 
only mentioned once.

Compared to previous regional studies, these results corroborate the 
trend identified by Siegfried et al. [22], regarding the growing adoption 
of Python in CS1 to the detriment of Java and C++. It is now evident 
that Python has replaced Java as the first programming language, at 
least at top universities. In CS2, the clear predominance of Java iden
tified is also aligned with what had already been observed in Siegfried 
et al. [22]. However, the present analysis reveals a more pronounced 
trend on the first language choice at elite institutions compared to the 
global survey of Mason et al., where Python and Java each accounted for 

Fig. 2. Flowchart of the decision process for classifying programming paradigms used in CS1 and CS2 courses.

Table 2 
Distribution of programming languages used in introductory courses of com
puter science undergraduate programs.

Language Total CS1 CS2 Both

Java 54 (36.0 
%)

16 (19.3 
%)

38 (56.7 
%)

10

Python 32 (21.3 
%)

27 (32.5 
%)

5 (7.5 %) 1

C 24 (16.0 
%)

14 (16.9 
%)

10 (14.9 
%)

0

C++ 16 (10.7 
%)

10 (12.0 
%)

6 (9.0 %) 2

Haskell 4 (2.7 %) 3 (3.6 %) 1 (1.5 %) 0
C AND C++ 3 (2.0 %) 0 (0.0 %) 3 (4.5 %) 0
Assembly 2 (1.3 %) 2 (2.4 %) 0 (0.0 %) 0
JavaScript 2 (1.3 %) 1 (1.2 %) 1 (1.5 %) 0
(C AND Python) OR Python 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Haskell AND Kotlin/Java AND C 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Java OR Python OR Matlab 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
OCaml 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Python OR C 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Python OR F# 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Python 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Racket 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Ruby 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
Source/JavaScript 1 (0.7 %) 1 (1.2 %) 0 (0.0 %) 0
C# 1 (0.7 %) 0 (0.0 %) 1 (1.5 %) 0
Javascript 1 (0.7 %) 0 (0.0 %) 1 (1.5 %) 0
OCaml OR (C AND C++ AND 

Assembly)
1 (0.7 %) 0 (0.0 %) 1 (1.5 %) 0

Total 150 83 67 13
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approximately 40 % of courses.
The temporal evolution in the preference for the first programming 

language is also visible when comparing these results with earlier 
studies. In 2017, Murphy et al. [17] reported the dominance of Java 
(>50 %) in UK universities, also reported by Ezenwoye [19] in the US in 
2018 (Java 41.94 %, Python 26.45 %). This shift in preference for Py
thon in CS1 observed in the present study reinforces the trend already 
noted by Smith and Jones [21] in US MIS programs in 2021 (Python 36 
%, Java 21 %), confirming that the adoption of Python has consolidated 
in recent years, particularly in introductory programming courses at 
leading institutions.

The prevalence of Java, Python, C, and C++ in introductory pro
gramming courses reveals a preference for imperative and object- 
oriented programming paradigms. This choice is not surprising, as 
these are paradigms widely used in industry.

The contrasting distribution of Python in CS1 and Java in CS2 
highlights a consistent pattern, but the available data does not allow for 
an explanation of why this occurs. Some well-known technical differ
ences between the languages are potential influences, such the smoother 
learning curve and support for multiple paradigms of Python, or Java's 
emphasis on object-oriented concepts from the very beginning. How
ever, other factors may also have influence, including teaching prefer
ences, institutional requirements, explicit learning objectives, perceived 
alignment with employment expectations, or old departmental prac
tices. To determine which factors actually guide the choice of languages 
in CS1 and CS2, it would be necessary to collect additional types of data, 
such as interviews with teachers and coordinators or qualitative ana
lyses of course documentation. Without additional information, any 
attempt to justify these differences remains speculative.

The initial descriptive analysis suggests that universities with the 
highest rankings tend to use Python in CS1 (average ranking of 

approximately 24.5). Java is widely used in both CS1 and CS2; but 
universities that use it in CS1 tend to have a lower average ranking than 
those that use Python. However, inferential statistical analysis using the 
Kruskal-Wallis test did not indicate a statistically significant difference 
or correlation between university rankings and the programming lan
guages chosen for CS1 (H = 7.85, df = 4, p = 0.097) and CS2 (H = 2.65, 
df = 3, p = 0.449). Therefore, based on the available data, there is 
insufficient statistical evidence to suggest that the choice of program
ming language is correlated with the university's position in the ranking. 
For these analyses, only universities with unique programming lan
guages in each course were considered, so the lack of statistical signif
icance observed in the tests may be partially explained by the limited 
sample size.

4.2. Transition between CS1 and CS2

Only the 61 institutions where data were available for both courses 
were included in the analysis of transitions between the programming 
languages in CS1 and CS2 (Fig. 3). Therefore, not all the data in Table 2
is represented in this figure.

The most common transition is from Python to Java, occurring in 12 
institutions, followed by C to Java (6 institutions), Python to C (5), and 
Python to C++ (4).

Several less common transitions exist, such as Haskell to Java, As
sembly to Java, and Ruby to C#. Additionally, there are isolated cases 
where institutions start with less conventional languages, such as Racket 
or OCaml, and then transition to more traditional languages, like C or 
Java.

Using the same programming language in both courses is less com
mon, observed in only 13 (21.3 %) institutions. As mentioned, Java is 
the language where this occurs most frequently, with ten instances. The 

Fig. 3. Transition of programming languages between CS1 and CS2 courses. The width of each band represents the number of institutions transitioning from one 
language to another.
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other situations happen with C++ twice and Python once.
The patterns observed show similarities to the study by Siegfried 

et al. [22] on the most frequent transition from CS1 to CS2, which also 
reported a move from Python to Java. However, there is a significant 
difference in the percentage of programs that maintain the same lan
guage between CS1 and CS2, since while Siegfried et al. [22] reported it 
to be 54 %, this study shows that in top institutions it is only 21.3 %.

4.3. Regional differences

To determine if there were regional differences in the choice of 
programming languages, the data from the institutions were combined 
by continent, considering only the five most represented languages in 
each region. This resulted in six different languages: Java, Python, C, 
C++, Haskell and JavaScript.

Fig. 4 visually illustrates these differences, showing the overall 
preferences of each region in CS1, CS2, and the combined results.

Overall, Java is prevalent in all regions, particularly in Europe and 
North America, where its adoption rates reach 42.9 % and 36.6 %, 
respectively. It is also significantly the most used language in CS2 across 
all regions. However, it is rarely used as a first language in Asia (6.7 %) 
and Oceania (11.1 %). Python is also widely used globally, mainly as an 
introductory language. Asia prefers traditional, low-level languages 
such as C and C++, which are taught in 48 % of institutions. On the 
other hand, Europe has only adopted C in 7.1 % of institutions, ignoring 
C++. Haskell is used as the first language in 17.6 % of European in
stitutions. The inclusion of functional languages is not as evident in 
other regions and has no expression in Asia or North America.

Of the seven languages that only appear in one of the institutions, 
four are related to European institutions (C#, F#, Kotlin, Ruby), two are 
North American (MATLAB, Racket), and one is Asian (Source).

Fig. 5 shows two heatmaps that map the percentage distribution of 
languages used by each country, ordered geographically from west to 
east, to visualize regional differences in the choice of programming 

languages in Computer Science courses (CS1 and CS2). The maps show 
regional variations in the adoption of languages such as Python, Java, 
and C++. The comparison between the heatmaps also reveals that CS1 
has a greater dispersion in the most used languages (e.g., the adoption of 
C in China). At the same time, for CS2, there is an apparent global 
adoption of Java as the preferred language.

It should be noted that these regional observations are based on 
limited samples in some countries (e.g., n < 5 in Belgium, Denmark, 
Finland, Germany, Saudi Arabia, Singapore, South Korea, and 
Switzerland) and should be interpreted cautiously.

The existence of regional variations has also been verified by the 
analysis of previous studies, but not necessarily the same ones. For 
example, C is the introductory language identified as the preferred 
choice by Asian institutions and had also been mentioned by Avouris 
[18] as the main language in Greek institutions, contrasting with the 
trend in Europe, which, according to the present study, prefers Python 
and Java.

The presence of functional languages in European institutions (17.6 
% in CS1) had already been observed in previous studies. Murphy et al. 
[17] reported 8.75 % in the UK, and Becker [20] reported 15 % in 
Ireland, while Mason et al. [23] only mentioned 5 % globally.

4.4. Programming paradigms

Table 3 shows all the individual programming paradigms observed in 
the analyzed courses, along with the number of CS1 and CS2 courses that 
use each paradigm. When a single course adopts multiple paradigms, it 
is counted in each relevant category, so the total may exceed the number 
of different courses analyzed. Applied paradigms were identified in 109 
courses, 53 of which were from CS1 and 56 from CS2.

In the introductory CS1 course, almost all courses use the imperative 
paradigm (~90 %). It is the only paradigm covered in 31 of the courses, 
predominantly using the Python language but also C in some cases. 
There is a significant presence of object orientation in about one-third 

Fig. 4. Percentage distribution of the top programming languages across regions for the first programming course (CS1), the second programming course (CS2), and 
the overall total.
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(~36 %) of CS1 courses, all of which also involve imperative pro
gramming. Typically, object-oriented programming is introduced near 
the middle or at the end of the course. Six CS1 courses use functional 
programming as their primary paradigm, with Haskell, Racket, or 
OCaml as supporting languages. There are also explicit references to 
concurrent/parallel programming, using Java, in a single CS2 course.

In CS1, the dominant paradigm is imperative, using Python and C, 
while in CS2, the dominant paradigm is object-oriented, with Java and 
C++, a typical pedagogical transition.

The predominant transition flows between CS1 and CS2 on each 
program are from imperative to object-oriented. There is considerable 
continuity in the object-oriented paradigm between CS1 and CS2, given 
that many courses in CS1 have already transitioned from an imperative 
to an object-oriented approach. The transition from the functional 
paradigm in CS1 is almost always to object-oriented in CS2.

In CS1, most courses (~63 %) use only one paradigm, primarily 
imperative but also functional, with 22 multi-paradigm courses. In CS2, 
almost all courses (52, ~93 %) are multi-paradigm, primarily combining 
object-oriented with imperative programming, but four courses use a 
single paradigm (imperative).

The table of paradigm combinations in each course (Table 4), shows 
that in CS1, nearly two-thirds (~63 %) of courses employ only one 
paradigm, while in CS2, the vast majority (~91 %) are multi-paradigm. 
This is a typical progression, where a basic paradigm is introduced in the 
introductory course, followed by an increase in complexity through the 
integration of other paradigms in the second course.

In both CS1 and CS2, almost all multi-paradigm courses combine 
imperative and object-oriented paradigms. This combination prevails in 
both courses, but usually with the imperative paradigm dominating in 

CS1 and the object-oriented paradigm in CS2. Marginally, some options 
also include functional and parallel paradigms.

One of the unusual situations that stands out is the combination of 
contrasting languages, levels, and paradigms, namely functional pro
gramming in Haskell, functional and procedural programming in Kotlin, 
object-oriented programming in Kotlin and Java, imperative program
ming in C, and low-level programming in Assembly, among others. This 
approach is used in the Computing Practical 1 course at Imperial College 
London, one of the two courses analyzed that last longer than one se
mester. Given the diversity of content, this approach is feasible only in a 

Fig. 5. Country distribution of programming languages in CS1 and CS2 courses. The heatmap highlights the prevalence of specific languages by country, with darker 
shades indicating higher usage.

Table 3 
Distribution of individual paradigms used in CS1 and CS2. One course can have 
multiple paradigms.

Paradigm Total courses CS1 courses CS2 courses

Imperative 109 (94.8 %) 53 (89.8 %) 56 (100 %)
Object-Oriented 71 (61.7 %) 21 (35.6 %) 50 (89.3 %)
Functional 9 (7.8 %) 8 (13.6 %) 1 (1.8 %)
Parallel 1 (0.9 %) 0 (0 %) 1 (1.8 %)
Total of different courses analyzed 115 59 56

Table 4 
Distribution of multi-paradigms used in CS1 and CS2.

Paradigm Total 
courses

CS1 
courses

CS2 
courses

Object-Oriented + Imperative 69 (60 %) 20 (33.9 
%)

49 (87.5 
%)

Functional + Imperative 2 (1.7 %) 1 (1.7 %) 1 (1.8 %)
Functional + Imperative + Object- 

Oriented
2 (1.7 %) 1 (1.7 %) 1 (1.8 %)

Imperative + Object-Oriented +
Parallel

1 (0.9 %) 0 (0 %) 1 (1.8 %)

Total of different courses analyzed 115 59 56

Table 5 
Distribution of the different types of assessment by category.

Assessment Category Assessment Types

Test/Exam Final Exam, Midterm Exam, Exam, Examination, Test, In- 
class Test, Term Test, Mid-Semester Test

Continuous 
Assessments

Assignments, Homework, Homework + Prep, Coursework, 
Problem Sets, Writing Sessions, Exercises, Continuous 
Assessment

Project/Portfolio Project, Portfolio, Machine Project, Capstone project, 
Creative projects, Mini-projects, Midterm Coding Project, 
Final Coding Project

Quizzes Quizzes, Tutorial Quiz
Lab/Practical Laboratory, Lab, Lab Assessment, Lab Reports, Practical 

Assessment, Skills Assessment, Practical Skills Assessment, 
Practicals

Participation/ 
Attendance

Participation, Attendance, Recitation attendance, 
Workshops, In-Class Activities
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year-long course, as is the case.

4.5. Assessment types and grade weights

Just as there is diversity in the syllabus content, languages, and 
paradigms used in the various courses, the assessment methodologies 
found in the 66 courses with assessment information available are also 
extremely disparate, both in terms of the type of elements, their termi
nology, their quantity, and their relative weights in the final 
classification.

To enable a more robust comparison between courses and in
stitutions, as well as between CS1 and CS2, the assessment types found 
were categorized as indicated in Table 5. A separate category for Quizzes 
was maintained, as they constitute a specific short-term mechanism that 
differs from both tests and other elements of continuous assessment. 
This classification was based only on the presence of the element and not 
on its weight in the final classification.

Fig. 6 compares these aggregated assessments categories used in CS1 
and CS2. The values indicate the presence of assessment elements in 
each category, expressed as a percentage of the total number of CS1 and 
CS2 courses, totaling 33 in each.

The aggregate analysis reveals that traditional formal assessment 
methods, such as mid-term tests and final examinations, continue to be 
the most frequent element (CS1: 88 %; CS2: 85 %). Tests and exams, 
both mid-term and final, can take various forms, including paper and 
digital tests, and some assessments last up to 4 h. In other cases, the final 
examination is optional, with the mark being replaced by the average of 
the mid-term tests. However, several courses no longer use this type of 
assessment, preferring instead to focus mainly on projects/portfolios, as 
well as on other types of continuous assessment, including quizzes.

The second most used category includes several elements of contin
uous assessment, in the form of small practical assignments, challenges, 
programming tasks, or problem-solving exercises. However, their fre
quency in CS2 has fallen significantly compared to CS1 (CS1: 73 %; CS2: 
58 %).

Each of the remaining categories appears in less than half of the 
courses.

Projects are typically more complex, allowing students to apply their 
knowledge in a more integrated way and covering various topics from 
the course. They have more extended deadlines and can sometimes be 
done in groups. Some courses use the aggregation of projects in the form 
of portfolios. The use of projects as an assessment element has a similar 
prevalence in CS1 (39 %) and CS2 (42 %).

Quizzes are used as a tool for periodic feedback. They are very useful 
for both students and instructors, as they encourage continued study and 
allow for the assessment of students' understanding of a particular topic 
and their progress throughout the course. Except for three cases, quizzes 
are almost always used as a complement to other forms of continuous 
assessment. This form of assessment is slightly more frequent in CS2 
(CS1: 27 %; CS2: 36 %).

Sometimes, practical performance in a laboratory setting is also 
assessed, either through a test or by requiring the preparation of a 
report. This type of assessment has an identical frequency in both 
courses (27 %).

It is also possible to find cases that value attendance and class 
participation. One might anticipate higher values in introductory cour
ses, to provide more guidance and support for students who are starting 
to learn programming and encourage their participation. However, the 
number of classes that value them is greater in CS2 (21 %) than in CS1 
(12 %). There may be other incentives for participation and attendance 
that are not explicitly described in the available information, or even 
mandatory.

The study examined both the diversity of evaluation elements and 
the relative importance of each element in the final grade. Therefore, 
information on the weight of each evaluation element in the final clas
sification was collected and a statistical analysis of the data was con
ducted, as illustrated in Fig. 7.

An analysis of the weights assigned to the different assessment cat
egories shows that tests and exams are the most valued elements in the 
courses, with the highest average weight (0.44) and median of 0.5 in 
both CS1 and CS2. Continuous assessment is the next most frequent, 
with an average weight similar to projects (~0.2), but with greater 
consistency, especially in CS1 (median 0.2).

When projects are considered in the assessment, they tend to have a 
relevant average weight (~0.2). However, they are not as frequent as 
the previous categories.

Quizzes and laboratory practices complement the main assessment 
elements, occurring with some regularity but with a lower weight, with 
average below 0.1 and a median of 0. Participation and attendance have 
the lowest weight and frequency, with minimal relevance in the final 
grade.

4.6. Policies for the use of generative AI

Many universities advertise general rules on the use of generative AI 
by their students. For this study, the analysis considered only rules for 
using AI explicitly defined for each course. The sample is limited to 15 
courses, those with this information publicly available (Table 6). Six of 
them forbid any AI use, and seven permit it only partially. However, it is 
pertinent to highlight two courses, both in CS1, where the use of 
generative AI is not only permitted but, in fact, encouraged.

In the Introduction to Computer Programming course [25] at City 
University of Hong Kong, China, students are expected to test their code 
using an AI-assisted interactive development environment during labo
ratory activities. Furthermore, in the assignments, it is stated that 
"Students will put theory into practice and become proficient in 
AI-assisted programming.". Assessment is divided into Continuous 
Assessment (50 %), consisting of Quizzes (20 %) and Assignments (30 
%), and Examination (50 %).

In the Introduction to Computer Science I course [26] at the 

Fig. 6. Distribution of assessment categories in CS1 and CS2. The bars show the percentage of courses that include each category in their assessment methodologies.
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University of Illinois at Urbana–Champaign, USA, the encouragement to 
use generative AI is even more explicit. Its statement on AI reads: 
"Software development is changing rapidly due to the incredible capa
bilities of generative AI. CS 124 is embracing AI coding agents to ensure 
you are prepared for the future of programming.”, followed by a 
reasoned justification for this choice made in the course. Another dif
ference between this course and others is that it is taught online, without 
lectures, based on daily lessons that students follow individually and in 
tutorials involving small groups. The assessment also differs from the 
traditional final exam, which does not exist. Instead, assessment is based 
on daily homework (10 %), small programming and debugging prob
lems, weekly quizzes (70 %), a combination of multiple-choice ques
tions, programming questions, and debugging challenges with 
automatic correction and feedback, and the Machine Project (MP) (20 
%), which involves developing an Android application. As for the pro
gramming language, students have the option to choose between Java 
and Kotlin during the course.

For courses where the use of AI is only partially permitted, there is a 
balance in the approach taken. Its use is permitted in exploration and 
experimentation environments (such as laboratories, portfolios, and 
assignments), but is prohibited in summative assessment contexts, such 
as tests and exams. Assessments that permit the use of AI generally have 
a lower percentage in the final grade. The general idea is to allow the use 
of AI as a learning tool while ensuring that, ultimately, students can 
solve challenges independently, thereby demonstrating the acquisition 
of individual skills.

The possibility of completing assignments using AI raises some 
concerns because, on the one hand, it can serve as support for more 
motivated students, allowing them to explore different implementation 
approaches and receive feedback on autonomous implementations. But, 
on the other hand, it can result in excessive dependence among less 
interested students, compromising the development of algorithmic 
thinking and problem-solving skills. A particularly interesting solution 
to address this ambiguity is the one implemented by Redekopp, M., in a 
CS1 course at the University of Southern California's (CS124 Introduc
tion to Programming) [27]. The multiple version assignments strategy 

provides students with two versions of each homework assignment. The 
first version must be implemented directly in the Codio editor without 
an AI plugin, allowing students to consult the bibliography and ask 
questions to instructors, but without resorting to AI. In the second 
version, students use the code from the first version with an AI platform, 
utilizing prompts to improve it and resolve any issues, and then copy the 
final version to Codio. The final grade for the assignment is based on the 
best of the two versions. However, if a violation of the rules is detected in 
the first version, the student will be penalized. This strategy requires 
students to work independently in the first version, to avoid penalties. 
And, simultaneously, promotes the correct use of generative AI in the 
second version, enabling them to obtain a good grade.

Despite the small sample size, the analysis indicates a lack of 
consensus on how to integrate generative AI into programming educa
tion and how to balance innovation with academic integrity. The chal
lenges are significant, but debating how to find this balance is inevitable.

The diversity found in the choice of languages, paradigms, assess
ment strategies, and AI usage policies reflects the complexity of teaching 
programming and the attempt to balance pedagogical factors, labour 
market needs, individual responsibility, institutional traditions, and 
emerging trends.

5. Conclusion

This study analyses global trends in introductory Computer Science 
courses (CS1 and CS2) at top-ranked academic institutions, selected 
from the 2023 Shanghai Ranking. These institutions of academic 
excellence, with geographical and cultural diversity, often set trends in 
higher education. The study aimed to identify patterns and contribute to 
the debate on best practices in programming courses, helping to inform 
future decisions in the CS1 and CS2 curricula.

The results corroborate some trends identified in previous surveys of 
introductory programming courses, while providing additional insights 
specific to top academic institutions. Java and Python dominate intro
ductory courses, accounting for more than half of the choices. Java's 
hegemony in CS1, reported in studies from the 2010s, has been replaced 
by Python at leading universities, validating the evolution observed in 
studies over the last decade. Now, Python stands out as the most used 
language in CS1, reflecting its smooth learning curve and flexibility. 
Java leads in CS2 and is also the most frequent when a single language is 
used in both courses. A language transition typically occurs between CS1 
and CS2, typically from Python or C to Java. There are some regional 
particularities, such as the use of functional languages in Europe (e.g., 
Haskell) and low-level languages in Asia (e.g., C, C++).

Introduction to paradigms follows a classic approach, starting with 
imperative programming in CS1 to object-oriented programming in CS2. 

Fig. 7. Median, quartiles, and outliers of the weight (%) of each assessment category in the final grade in CS1 and CS2.

Table 6 
Distribution of language paradigms used in introductory courses of computer 
science undergraduate programs.

Paradigm Total courses CS1 courses CS2 courses

Allowed 2 (13.3 %) 2 (13.3 %) 0 (0 %)
Partially allowed 7 (46.7 %) 3 (37.5 %) 4 (57.1 %)
Not allowed 6 (40 %) 3 (37.5 %) 3 (42.9 %)
Total of different courses analyzed 15 8 7
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However, although CS1 classes typically start with imperative pro
gramming, object-oriented programming is also introduced in more than 
one-third of CS1 courses. Only a small number of institutions adopt 
functional paradigms, mainly European ones and in CS1.

Traditional examinations are the most frequent and more heavily 
weighted components in both CS1 and CS2, followed by continuous 
assessments. Still, projects and labs are widely adopted, with quizzes 
emerging as valuable formative tools. Although with little impact on the 
final grade, there are also incentives for attendance and participation, 
particularly in CS2.

The teaching of programming is expected to be influenced by 
emerging trends, such as AI-based tools and the development of new 
programming languages. AI-based code generation tools have the po
tential to significantly change the teaching and learning of program
ming. Specifically, the challenge of Generative AI introduces an 
unprecedented variable that curricula are only beginning to address. 
The analysis of generative AI policies reveals contrasting decisions, 
despite the small sample size. While some courses strictly prohibit the 
use of AI tools, others allow them in exploratory contexts but not in 
summative assessments, and a few encourage their use.

Future studies may expand the dataset to include missing data and 
other institutions, such as those characterized by their smaller size, 
agility, and innovative approaches, in addition to or instead of solely 
focusing on top-ranked universities.

It is important to note that direct comparisons with previous surveys 
must consider methodological differences and that the populations 
differ significantly. These methodological and sampling differences may 
partially explain the variations in specific results.

These findings highlight that while there are some identified trends, 
top institutions maintain their pedagogical identities, and diversity re
mains a cross-cutting factor across all examined dimensions.
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