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Abstract

Acrtificial intelligence (Al) experts play a pivotal role in driving technological innovation;
however, the literature offers limited insights into the specific skills required for various Al
roles across different levels of experience. To address this gap, we manually collected data
from 18,497 Al job postings on LinkedIn throughout 2024. Using advanced analytical
techniques, including exploratory data analysis and natural language processing, we
examined the distribution of job postings by experience level—junior vs. senior—and
analyzed the prevalence of specific skills within each category. The preliminary findings
presented in this paper reveal notable differences in skill expectations across position levels
in the Al job market. The results indicate that junior Al roles, representing 32.6% of the
postings, predominantly prioritize foundational technical skills, such as Python, machine
learning, and SQL. In contrast, senior Al roles, accounting for 67.4% of the postings, require
not only advanced technical expertise (e.g., Git, AWS, Scala) but also emphasize the strategic
importance of communication, leadership, and marketing skills. These findings underscore
the need for early-career Al professionals to develop a strong technical foundation while
progressively cultivating soft skills to transition into senior roles. The evolving landscape of
Al employment highlights the necessity of a balanced approach to skill development,
integrating technical proficiency with interpersonal capabilities. Such a balance is essential
for fostering technological innovation and leveraging learning technologies to effectively
advance Al competencies.
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1 Introduction

Recent studies have highlighted the rapid growth of the global artificial intelligence (Al) job
market, with a significant demand for roles such as machine learning engineers, data
scientists, and Al research scientists (Acemoglu et al., 2022; Alekseeva et al., 2021; Meesters
et al., 2022). These trends underscore the necessity for professionals who can not only master
current technologies but also adapt to advancements in Al tools and methodologies through
continuous learning (Fenlon & Fitzgerald, 2019; Meesters et al., 2022; Nakash, 2024; Poquet
& De Laat, 2021).

LinkedIn has emerged as a leading platform for job searches and professional networking,
offering real-time insights into labor market dynamics (Dinath, 2021; Wang et al., 2019).
With over 1 billion registered members, LinkedIn provides a vast network for professionals
to connect, share knowledge, and explore career opportunities (Li et al., 2020). By leveraging
its extensive database of job postings and professional profiles, LinkedIn can offer valuable
insights into the evolving demands for Al roles (Béck et al., 2021; Khaouja et al., 2021).

Understanding how skill requirements change at different career stages is crucial for
individuals entering or advancing in this field, as well as for educators and employers aiming
to develop a robust Al talent pool. The growing significance of Al expertise is widely
recognized (Acemoglu et al., 2022; Alekseeva et al., 2021). Nevertheless, companies
continue to face challenges in recruiting for Al-related roles, while many new graduates
struggle to secure employment—suggesting a potential skills gap or a misalignment between
graduates’ competencies and industry requirements (Rigley et al., 2024). Despite this, there is
a notable gap in the literature regarding how skill requirements differ between junior and
senior Al roles.

This paper presents preliminary insights from an exploratory study we conducted,
involving manual data collection from LinkedIn throughout the year 2024. A total of 18,947
Al job postings were analyzed, mapping the evolving landscape of Al skills across different
levels of experience, using text analysis and natural language processing (NLP) techniques.

2 Related Works

As Al continues to reshape the global economy, understanding its implications for workforce
skills has become a central concern for researchers and policymakers alike. The rapid
advancement of Al technologies has fundamentally reshaped numerous industries, driving
technological innovation, efficiency, and new business models (Rashid & Kausik, 2024). As
Al technologies evolve, they create substantial economic impacts and increase the demand
for specialized skills across sectors such as healthcare, finance, manufacturing, and retail
(Badet, 2021; Reis et al., 2020; Squicciarini & Nachtigall, 2021).

One of the key challenges faced by employers, educators, and workers is planning today
for the skills that will be in high demand tomorrow, particularly as the pace of technological
change accelerates (Fenlon & Fitzgerald, 2019). Skills refer to the abilities that enable
individuals to perform tasks effectively and are often divided into hard and soft skills. Hard
skills include technical competencies, typically acquired through formal education, such as
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programming and data analysis (Balcar, 2016; Heckman & Kautz, 2012). In contrast, soft
skills encompass interpersonal abilities like adaptability and leadership. Research shows that
both skill types are essential for job performance and innovation, with soft skills sometimes
proving as predictive of success as technical skills (Balcar, 2016; Hendarman & Cantner,
2018).

Recruiting for Al roles remains challenging, as many new graduates often lack the specific
skills required by employers to effectively perform in Al-focused positions (Fenlon &
Fitzgerald, 2019; Shmatko & Volkova, 2020). The integration of Al into the workforce is not
only generating entirely new roles but also fundamentally transforming the skill sets required
for employment (Gonzalez Ehlinger & Stephany, 2024). This persistent gap between
academic preparation and industry expectations necessitates a sufficiently in-depth
examination of evolving labor markets and the specific skill sets required within them
(Rigley et al., 2024).

As Al integration spreads across industries, a blend of technical and non-technical skills
has become increasingly crucial. Alekseeva et al. (2021) observed that Al-related skills often
yield a wage premium as companies prioritize technical proficiency alongside essential soft
skills like communication and problem-solving. Similarly, Squicciarini and Nachtigall (2021)
highlighted a rising need for socio-emotional abilities, such as creativity and teamwork,
alongside Al expertise. In the complex labor landscape rapidly transformed by Al, continuous
learning, especially in STEM fields, has become essential for adapting to evolving demands
(Morikawa, 2017).

In the tech industry, junior and senior roles differ primarily by experience, skills, and
responsibilities. Junior positions, often held by recent graduates with 0—3 years of experience,
emphasize foundational skill-building under supervision (Floyd & Spencer, 2014). In
contrast, senior roles, typically requiring a greater number of years of experience, demand
advanced technical skills, project management, and strategic abilities (Matsudaira, 2016).
Skill requirements differ accordingly: junior roles focus on basic programming and software
development, while senior roles require specialized technical expertise, problem-solving,
mentoring, and leadership abilities (Madusanka & Rupasingha, 2022; Maisiri, 2023).

This progression also affects responsibilities. Junior staff primarily handle assigned tasks
to build their skills, while senior staff lead projects, mentor others, and make strategic
decisions that impact the organization (Floyd & Spencer, 2014; Maisiri, 2023). This tiered
structure fosters skill development in junior positions and drives innovation in senior roles.
However, advancement from junior to senior is not guaranteed and depends on factors such
as skill development, competition, and specialization (Giillich et al., 2023).

3 Methodology

3.1 Data Collection, Preprocessing and Categorization

Due to LinkedIn's (2023) restrictive policy on web scraping, we manually collected data on
18,947 Al job postings throughout 2024, by searching for the keywords "Al" and "Artificial
Intelligence.” This data collection included job titles and job descriptions. To ensure data
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quality, we removed duplicates and special characters, converted text to lowercase, and
tokenized words (Vijayarani & Janani, 2016). Using NLP, job postings were categorized by
experience level (i.e., seniority or position level): junior roles required less than three years of
experience, while senior roles required more (Floyd & Spencer, 2014). For skill extraction,
we applied regular expressions (regex) to identify common technical skills (Navarro, 2004)
and Named Entity Recognition (NER) to pinpoint specific tools and technologies (Li et al.,
2020). Additionally, n-gram analysis and collocation detection were used to capture multi-
word skill phrases (Subhashini & Kumar, 2010).

3.2 Analytical Analysis

We conducted exploratory data analysis (EDA) to examine the distribution of job postings
across different experience levels (Junior vs. Senior) and to analyze the prevalence of specific
skills within each category. To further explore the relationship between skills and roles, we
applied NLP techniques (Kang et al., 2020). This enabled us to perform correlation analysis,
identifying whether certain skills are more strongly associated with junior or senior positions,
thus highlighting skill progression in Al roles. Additionally, we created a network of skills
for each seniority level using degree centrality analysis (Borgatti et al., 2009; Hevey et al.,
2018). Degree centrality, which measures the number of direct connections a node (i.e., skill)
has, was used to determine the prominence of specific skills within the network, providing
insights into which skills are foundational versus supplementary in Al job roles (Landherr et
al., 2010).

4 Results

4.1 Experience Levels and Skill Requirement Differences

Categorizing Al job postings by experience level reveals distinct skill requirements for junior
and senior roles, with senior positions comprising 67.4% (12,770 postings) and junior roles
32.6% (6,177 postings). Figure 1 compares the top skills in demand for both levels.

Figure 1: Comparison of Top Skills in Junior vs. Senior Al Roles
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For junior roles, foundational skills such as Python (3,453 mentions), Communication
(2,728 mentions), and Machine Learning (2,705 mentions) are the most sought-after. Other
essential technical skills include SQL (1,786 mentions) and Git (1,420 mentions), which
support data management and version control. Programming languages like Java and C++
appear but are less emphasized, indicating that junior positions prioritize more versatile skills
that are widely applicable in Al.

In contrast, senior roles require both advanced technical skills and substantial non-
technical competencies. Communication (7,190 mentions), Machine Learning (5,296
mentions), and Python (4,933 mentions) remain essential, but skills in Leadership (4,877
mentions) and Marketing (2,604 mentions) gain prominence, highlighting the managerial and
strategic responsibilities in senior Al roles. Specialized tools and platforms, such as AWS
(3,815 mentions) and Scala (3,374 mentions), also become more critical, likely due to their
relevance in complex, large-scale Al projects.

4.2 Correlation Analysis

We conducted a correlation analysis to explore the relationships between the top skills
required in junior and senior roles. The correlation heatmaps for each experience level
(Figures 2 and 3, respectively) provide insights into how frequently certain skills co-occur in
job postings.

Figure 2: Correlation Heatmap of Top Skills for Junior Al Roles
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Figure 3: Correlation Heatmap of Top Skills for Senior Al Roles
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For junior roles, several interesting correlation patterns emerged. Python and Machine
Learning showed a positive correlation (0.31), though less pronounced than expected. The
strongest correlations were between programming languages: Java and C++ (0.56), Python
and Java (0.43), and Python and C++ (0.40). This suggests that junior Al roles value versatile
coding skills for Al diverse projects. Additionally, SQL and Python had a moderate
correlation (0.37), highlighting the importance of database skills even at junior level.

In senior roles, Python and SQL maintained a strong correlation (0.39), indicating that
senior Al professionals are expected to be proficient in both data manipulation and advanced
programming. Python and Machine Learning exhibited an even stronger correlation (0.43).
Another significant finding is the moderate positive correlation between Leadership and
Communication (0.14). While this correlation is weaker than that observed for technical
skills, it highlights the growing importance of managerial and interpersonal skills for senior
professionals.

4.3 Network Analysis

To further explore the relationships between skills, we conducted a network analysis using
degree centrality to identify the most connected and influential skills in both junior and senior
roles. Degree centrality measures the number of direct connections (edges) a node (skill) has,
indicating its prominence within the network. Skills with higher centrality are frequently
associated with other skills, underscoring their importance in job postings. In the network
visualizations (Figures 4 and 5), each node’s size reflects its degree centrality, with larger
nodes representing more connected skills. Additionally, node colors vary according to
centrality: darker shades represent higher centrality, while lighter shades indicate lower
centrality, facilitating the identification of the most influential skills.
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Junior Al Skills Network. The junior skills network comprises 22 nodes and 33 edges,
with an average clustering coefficient of 0.5539, indicating a moderately connected skill set.
TensorFlow exhibits the highest degree of centrality (0.38), underscoring its pivotal role in
entry-level Al positions and reinforcing its dominance as a preferred framework for building
machine learning models. Python follows closely with a degree centrality of 0.29, affirming
its status as a foundational programming language in Al development. Machine Learning,
Java, and JavaScript share the third position, each with a degree centrality of 0.19.

Figure 4: Junior Al Skill Network
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Senior Al Skills Network. The senior skills network, consisting of 13 nodes and 19
edges, has a lower average clustering coefficient of 0.3641, suggesting a more loosely
connected skill set compared to junior roles. In this network, Python, PyTorch, and Deep
Learning share the top position with a degree centrality of 0.42, indicating that senior Al
roles demand balanced expertise. Machine Learning and TensorFlow rank second with a
degree centrality of 0.33, highlighting their continued relevance in senior roles.
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Figure 5: Senior Al Skill Network
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Comparative Overview. The senior skills network emphasizes advanced deep learning
frameworks (e.g., PyTorch, TensorFlow), whereas the junior network underscores a broader
foundation in programming languages (e.g., Java, JavaScript). This shift underscores the
increasing specialization and technical depth required in senior Al roles. Comparing the
junior and senior networks reveals clear trends in skill progression: while TensorFlow
dominates in junior roles, PyTorch and Deep Learning gain prominence in senior positions,
reflecting the need for specialized tools at higher levels. Python remains a central skill across
all experience levels, illustrating its widespread applicability.

5 Discussion

The analytical analysis reveals that the surveyed Al job postings contain 2.07 times more
positions for Al experts compared to entry-level roles. The distinction between junior and
senior Al roles reflects a classic trajectory in technological learning, where foundational
skills are built at entry levels, gradually evolving into more complex and specialized
knowledge. For junior roles, the emphasis on versatile, foundational skills like Python, SQL,
and Machine Learning underscores the need for adaptable competencies that form the basis
of Al work, aligning with Floyd and Spencer's (2014) description of entry-level positions
focusing on skill-building under supervision. Such skills are instrumental in creating a
workforce that can swiftly engage in Al tasks, while the broader programming proficiency
observed (e.g., familiarity with Java and C++) prepares junior Al professionals to work in
diverse project environments.

At the senior level, the shift toward specialized skills such as deep learning frameworks
(e.g., PyTorch) and advanced platforms (e.g., AWS) mirrors the growing complexity and
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sophistication required in Al applications. Senior professionals are expected to handle large-
scale, advanced Al solutions, and these skills reflect the need for both technical depth and
strategic acumen. The prominence of management and interpersonal skills, such as
Leadership and Communication, indicates that senior Al roles are integral not only to
technical implementation but also to guiding technological innovation and fostering a
collaborative work environment. This aligns with the recognition in the literature that soft
skills are as important as hard skills, even in roles with a strong technological orientation
(Hendarman & Cantner, 2018; Balcar, 2016; Li et al.,2020; Nakash, 2024; Squicciarini &
Nachtigall, 2021).

The skill trajectory observed in Al roles provides valuable insights for designing learning
programs in technology education. For instance, junior-level programs should focus on
versatile, foundational skills that allow graduates to adapt to various technological settings,
while senior-level programs can emphasize specialization and strategic skills development.
The correlation between foundational skills like Python and SQL at both experience levels
suggests a continuous emphasis on data handling and programming fluency, indicating that
these should remain core components of any Al learning curriculum.

6 Conclusion

In conclusion, the analysis of Al job postings provides preliminary insights into the evolving
trajectory of skill development across different career stages. These initial findings indicate
that foundational technical skills dominate entry-level roles, while specialized technical
expertise and managerial competencies gain prominence at more advanced levels. This
trajectory underscores the need for adaptive educational strategies to meet the dynamic
demands of the Al field. By cultivating both technical depth and strategic acumen,
organizations and educational institutions can better prepare Al professionals to drive
technological innovation and effectively deploy Al solutions in complex, large-scale
environments. This approach holds promise not only for advancing individual career
development but also for fostering sustained progress in the broader field of Al.

From a practical perspective, the findings may offer useful insights for various
stakeholders. Higher education institutions could consider aligning curricula more closely
with emerging industry needs by emphasizing both foundational and specialized skills.
Employers might draw on these insights to refine recruitment strategies and explore targeted
upskilling initiatives that support smoother transitions between junior and senior roles.
Additionally, policymakers may find value in this evidence when shaping workforce
development programs that promote a balanced integration of technical and soft skills—
contributing to the cultivation of a more adaptable and future-oriented Al workforce.

As this paper offers an initial exploration, future research is needed to delve deeper into
the nuances of Al job postings. Areas for further investigation could include sector-specific
skill requirements, regional variations, and the rising importance of soft skills, such as ethical
reasoning and cross-disciplinary collaboration. These additional dimensions would enrich our
understanding of the evolving Al job market and guide the creation of more targeted
educational and professional development programs.
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