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Background

As data-driven decisicri-making becomes central across industries, the demand
for skilled data professionals continues to rise. Yet, a recurring issue in data
science education is the gap between academic instruction and the realities of
industry practice. Many MSc programs prioritize theoretical learning and
structured datasets, which can leave graduates unprepared for the ambiguity,
complexity, and messiness of real-world data. Experiential learning, as defined by
Kolb (1984), emphasizes learning through active engagement and reflection. In
data science, this translates to hands-on projects with real data, exposure to

industry tools, and problem-solving in uncertain environments. This study explores

how effectively LSE's MSc programs in data science and statistics incorporate

experiential learning. It aims to evaluate curriculum alignment with industry needs,

measure experiential components across the program, and recommend data-
informed improvements.

Methodology

A mixed-methods approach was adopted to evaluate how well the MSc Data
Science curriculum at LSE prepares students for industry. A 23-question survey
was distributed to alumni from recent cohorts across the Department of
Statistics. It included Likert-scale and multiple-choice items on skill coverage,
tool use, and job preparedness, alongside open-ended prompts for feedback and
advice. Most respondents were early-career professionals.

Quantitative analysis focused on two custom metrics:

«Skill Coverage Gap Score (SCGS): Measures the gap between the importance
of a skill in industry and how well it was taught

‘Perceived Readiness Gap Score (PRGS): Reflects the additional learning effort
required post-graduation

Qualitative analysis used thematic coding to identify recurring insights on gaps
in practical training, tool exposure, and industry preparation. These findings
contextualised and supported the quantitative results.
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Experiential learning, as proposed by Kolb (1984), frames knowledge acquisition
as a cycle of active engagement, reflection, and application. In data science
education, this translates into real-world projects, live coding, and hands-on tool
use—methods shown to improve engagement and retention, particularly in STEM
contexts (Prince, 2004). Despite increasing demand for skills like analytical
thinking and adaptability (WEF, 2025), many graduates remain underprepared for
practical challenges such as messy data, APIs, and cloud workflows (Halevy et
al., 2019). To address this, our study introduces two targeted metrics—Skill
Coverage Gap Score (SCGS) and Perceived Readiness Gap Score (PRGS)—
designed to evaluate how well academic experiences translate to job-readiness
in data-driven roles.

Findings

This study examined how effectively the LSE's Data related MSc programs
curriculum prepares students for industry, combining measurable skill gap
analysis with qualitative reflections from recent alumni. Two key dimensions

emerged: quantifiable curriculum-industry gaps and narratives of real-world
transition.

1. Quantitative Analysis: Skill Gaps
To assess alignment between coursework and workplace demands, we

computed two scores across 13 core skills: the Skill Coverage Gap Score (SCGS)

and the Perceived Readiness Gap Score (PRGS). The SCGS identifies skills that
are highly valued in industry but poorly covered in the curriculum, while the PRGS
reflects how much additional self-learning alumni had to undertake after
graduating. The visual highlights the relative gaps. Skills such as quantitative
communication, data engineering, and ethical Al showed both high SCGS and
PRGS values, indicating a critical need for curricular integration. In contrast,
machine learning and statistical inference showed low or negative gap scores,
reflecting strong academic coverage.

“Python at LSE was incredibly poor... no OOP, no testing, no networking. I
had to learn even the basic libraries myself.”

— LSE Data Science Graduate
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These findings are particularly relevant given the demographic profile of the
respondents: the majority had 0—2 years of experience, providing a timely
snapshot of how recent graduates perceive their job-readiness.
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2. Qualitative Insights: The Lived Experience of Transitioning to Industry
Free-text responses reinforced the gaps identified above. Alumni consistently
reported a lack of exposure to production-grade tools, messy data
environments, and real-world project workflows. Many expressed a desire for
deeper practical integration within modules—beyond the capstone—and called
for better support in career planning.

Other concerns included the overemphasis on R programming, underuse of tools
like Power BlI, APIs, and cloud platforms, and insufficient training in
communicating results to non-technical stakeholders—a theme echoed by
employers.

“Being more holistic thinkers, focusing heavily on communicating to non-
technical stakeholders are all differentiating skills I look at as a manager.”
— Survey respondent and hiring manager

While a minority of alumni valued the programme's theoretical depth, several
recommended offering domain-specific tracks (e.g., clinical data, policy analysis)
and clarity in elective design to support career-aligned learning.

3. Emerging Themes from Alumni Advice

Alumni offered actionable suggestions for both students and staff. Three core
themes emerged:

‘Proactive learning: Students were encouraged to self-learn programming, pursue
certifications (e.g., AWS), and build side projects.

Strategic preparation: Many recommended starting job applications early and
selecting electives based on career goals.

Institutional support: Alumni requested more industry guest lectures, clearer
guidance on course relevance, and earlier exposure to interview formats and real-
world workflows.

Collectively, these findings support a shift toward a more experiential, industry-
aligned curriculum—one that balances theoretical foundations with applied
training, communication skills, and early career preparedness.

References

Halevy, A., Norvig, P., & Pereira, F. (2019). The unreasonable effectiveness of data.
IEEE Intelligent Systems, 24(2), 8—12. https://doi.org/10.1109/MIS.2009.36

Kolb, D. A. (1984). Experiential learning: Experience as the source of learning and
development. Prentice Hall.

Prince, M. (2004). Does active learning work? A review of the research. Journal of
Engineering Education, 93(3), 223-231. https://doi.org/10.1002/j.2168-
9830.2004.tb00809.x

World Economic Forum. (2020). The Future of Jobs Report 2025.
https://www.weforum.org/reports/the-future-of-jobs-report-2020/

Acknowledgments

We would like to extend our humble and heartfelt gratitude to Dr. Marcos Barreto
and Dr. Madeleine Stevens for their unwavering support towards the successful
completion of this project.


https://youtu.be/zQsr3TiYBog

	Slide 1: What promotes experiential learning? Chandrika Nandini Kompalli, Iheb Bouzaiane  LSE Change Makers See the researchers present their work If this project has informed your practice, let us know at lse.changemakers@lse.ac.uk

