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Advancing Biomedical Data Science Careers

Aim: Documenting skills, roles and
team science approaches to foster
the recognition and advancement of
data science careers in biomedical
research
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Advancing Biomedical Data Science Careers

e Supported by

e 1 of 5 projects funded in this award

o University of Liverpool \
o University of Leeds %
o University of Oxford f{Z@
o HDRUK

‘Develop innovation and evidence to
improve how biomedical research
resources and recognises high-quality
data science’.
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Investigating who does the data work?

How do we do this?

Ecosystem Organisation Individual

e ——————————————————————
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Work packages

1 - Mapping the landscape - people, organisations, projects, skills and
competency frameworks to increase ecosystem understanding and identify

gaps

2 - Documenting case studies at organisational, team and individual
level to understand roles, career pathways and team science approaches

3 - Evaluate and recommend innovative approaches and ways of
working to drive forward capacity building and improve quality and
standards in biomedical data science
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Reflecting the biomedical data science ecosystem

MRC definition of biomedical research

‘Ranging from omics to microscopy to medical
Imaging to population cohort to environmental data’

e \ery broad definition
e Also taking a very broad view of data science roles -
really anyone working in a data science team
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WP1 - Landscape mapping V1
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Landscape mapping V2

Overview

Advancing Biomedical Data
Science Careers

The Advancing Biomedical Data Science Careers (ABDC) project

is a collaboration between two world leaders in biomedical data
science — The Alan Turing Institute and EMBL’s European
Bioinformatics Institute (EMBL-EBI). It began in February 2025

and is set to conclude in January 2027.

Mapping the UK Biomedical Data
Science Landscape

In order to achieve our goal of evaluating the skills gaps in
biomedical data science and identifying priority areas for
development, we first needed to understand the landscape itself

and who the stakeholders in this space are.

To guide our mapping, we adopted a broad definition of
biomedical research, following the Medical Research Council’s
strategic review (2022), as ranging from omics to microscopy to

medical imaging to population cohort to environmental data.
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WP1 - Competency mapping-

The challenge: no competency frameworks
for UK biomedical data science
Benchmarking and mapping of existing
trusted standards to define a "Minimum
Standard”
The three pillars of our mapping:
o Al Skills for Business (AISTB)
o NHS National Competency Framework
(V2)
o |SCB (International Society for
Computational Biology) V3
Results: 12 minimum standards, 4 proto-
personas, 10 specific personas

le
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Access through
EMBL-EBI

Competency hub
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ompetency mapping

K127: Al in daily life.
K128: Risks/bias.
K253: Research methods.

§211: Confident Al use.
$§332: Evidence validation.
B79: Purposeful use.
B193: Integrity/Curiosity.

K: Advanced stats/Al concepts.
S: Deconstruct complex health

issues into analytical
components.
B: Scientific scepticism.

01: Framing &
Feasibility

-
BM1: Al Literacy &
Scientific Reasoning

| _

e N

C1: Identify where Al operates in
daily life and understands its basic
functions and limits.

€39: Apply rigorous methodology to
generate, validate and share
knowledge that supports responsible
Al practices.

B3: Prepare life science data for
computational analysis.

D3: Use data science methods

suitable for the size and complexity

of the data.

~
DAC1: Analyse data for information
and/or performance measurement
within the context of the relevant
health & care environment (L3).
DSC1: Analysis Skills (L3).

K: Bio-data structures; AI/ML types;
probability/stats.

S: Critiquing quality; identifying bias.

B: Scientific rigour; "human-in-the-
loop" mindset.

KB3-1: Bio-data types.
SB3-1: Data cleaning.
SD3-1: Statistical methods.
AD3-1: Critical discove
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Mapping Baseline

Competencies to the Project

Lifecycle
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Competency mapping

a

Academic PI

Sector: Academic Research

Core Competencies: BM1, BM3,
BM12

Sets research direction and ensures
team compliance with scientific
standards.

@
dh

PPIE Lead

Sector: Academia-NHS/Mixed

Core Competencies: BM2, BM11,
BM12

Promotes inclusive dialogue to
build community confidence in AI
benefits and risks.

Clinical Bioinformatics Data Scientist

Sector: Academia-NHS/Clinical
Core competencies: BM4, BMS, BM9

Stewards data capability, ensuring
systems are socially attuned and
technically valid.

@
dh

Public Ethics & Trust Representative
Sector: Community/NHS Oversight

Core Competencies: BM2, BM4,
BM11

Audits the technical blueprint to
ensure privacy, equity, and
transparency are built into the
design before data processing.
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Governance

Risk management

Creating Personas
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CAS
We want to learn from the ground what helps (and what STUPIES

doesn’t) those who work in biomedical data science

/ 2 INDIVIDUAL \ /m U \ /ﬁ SRGANISATIO\

What was your
career pathway?

WP2 - Documenting case studies O\

What roles make

Competency/skills
up the team?

frameworks

Formal and
informal training

Inclusion, diversity
and PPIE in the
team

Integrated vs
separate data
science service
teams

How did you overcome
interdisciplinary
barriers?

Inter- multi- or
trans-disciplinary?

Fixed term or
permanent contracts?




Documenting case studies

e Interview sample
o Individual (roles and career journeys): 19 (including 5 ECRs)
o Team (team composition and structure): 14
o Organisational (strategy): 7

e Almost equal gender distribution (17 - 23) — more demographic data will be
collected during the second round of consent request (Turing EDI monitoring form)

e 6 industry, 6 NHS, 20 research institutions (of which 4 came through an open
call on our webpage)

e Across Genomics, Proteomics & Integrated Multi Omics, Population Health,
Epidemiology & Public Health, Precision Medicine,...




Documenting case studies

Biomedical data science
careers are non-linear,
contingent, and emergent

Professional identities are
multiple and fluid, shaped
by both individual agency
and structural positioning

Unstructured career
spaces create isolation,
making peer communities
essential for support and
learning/upskilling

Data scientists as
context-switchers who
bridge across
specialisms

Navigating the boundaries
between dry and wet lab
cultures requires skills that
are learnt informally and
rarely valued institutionally

Generalist skills are
structurally undervalued
even when they're
essential




Why is this work important?

e Rapidly changing research landscape - embedding of data
science and intro of Al

e Better understanding needed to make research more efficient
and more equitable for everyone working in research
o Building an evidence base is the start!
m \Working with other projects to build stronger evidence
o Making recommendations for organisations, funders and
policy makers to support new roles, career pathways, team

science approaches.
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www.hidden-ref.org -

Enter the Hidden REF Compet
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Contacts

e ABDC inbox

e Denise Bianco

e Emma Karoune
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