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Biomarkers in chronic neurological diseases

here: Multiple sclerosis

aim: prevent and cure
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Bjornevik et al., Science 2022
Lanz et al., Nature 2022
Orr, Steinman, PNAS 2025

Challenges

biological classification of chronic neurological
disorders is lacking

discovery of biomarkers often methodologically
limited

validation takes more than a decade (NfL)
clinical utility takes again long time
discrimination of biomarker value lacks
biosamples

discussions with authorities are challenging

Lublin, Rheingold, Neurology 1996
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Big data and machine learning approaches represent a
paradigm shift in life sciences
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Al is transforming our understanding of neurological diseases

What type of questions can machine learning approaches address?

\O/
: —
Classification of Clustering novel Predicting disease activity
neurological diseases' disease phenotypes? and progression3
E.qg. By leveraging machine learning E.g. Through assessing changes E.g. Using machine learning to predict EDSS
approaches for multidimensional on MRI scans by unsupervised transitions based on genetic loci associated
CSF analysis machine learning with disease worsening
Benefits: Benefits: Benefits:
* Provide insights into shared * Improve diagnoses * Predict progression

and distinct pathophysiological processes

between diseases *  Predict prognosis and * Aprioriselection of best treatment

treatment response
* Improve differential diagnosis



The Data Access Dilemma

97% 3

Unused Data’ Key Barriers
Life sciences and health Regulation, security
data remains inaccessible concerns, IP considerations

"Data access in Europe is virtually impossible”
Marisa Co, VP RWE at BMS

Data is distributed across
organizations and cannot be shared



We are addressing collaborative research challenges using
federated architectures
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Our federated analytics and federated learning use cases

Federated analytics

* Deeper understanding of MS progression patterns and societal « Multi-center training on heterogeneous clinical MRI data for MS
value of MS treatment as measured in clinical practice lesion segmentation (automated lesion and lesion volume
detection)

Federated Learning

* Includes 25k+ people with MS across 8 sites
« Quantitative and qualitative model evaluation

: 202 . )
Key learnings = Key learnings S
* Development within the “sciences” triangle «  FL for multi-center training on clinical MRI data is very
practical

» Key to find the right balance between privacy and utility of

the data science workflow (Layered approach). « FL enhances global model performance by improving lesion

- Overinvest in understanding data heterogeneity (both biases detection and reduces overfitting to site-specific features

and standards) « Importance of benchmarking the right model for the task

* Demonstrate value and impact early (Small steps) 9Eiei IoMoE| s



Enabling data-driven science - governance

Ir:)\\l,eesrtnlglns;t(erong The potential of Al depends on our ability to
g make data available, interoperable and to

» Clear R&R with strong program management are key to (quality) _
data availability provide secure and governed access

» Clearly defined project, accountability (Contracting), study
protocol and SAP

+ Collaborate in partnership

Ryn Femote pre-processing Define Common Data Model and @
PIp€iines metadata repository

» Define and deploy local data pre-processing pipelines

« Deal with heterogeneous data and biases by deploying
tailored preprocessing jobs to each site - requires
collaboration across sites and “sciences” « GenAl is revolutionizing data wrangling with large impact on data

acquisition effort and data depth/breadth

« Prerequisite for sites to map data to a common data model (CDM)

« CDM is not enough!



Federated data networks are emerging across disease areas and the
pharma value chain

Early drug development
Understand biology of disease

Target discovery

Clinical trials
Accrual optimization & trial design

Biomarker discovery, patient stratification,
novel endpoints

& E2E evidence and insight generation
Optimizing care delivery
Integrating RWE and RCT data flows
Clinical tooling
Care delivery algorithms

Digital health
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we are on the cusp of a new (approach to) understanding biological
and clinical data

000

(e)

As we enter this era of big data, clinical research and decision-
making will be increasingly driven by research networks
collaborating on multimodal data and biosamples

Federated learning provides a solution to analysing and
integrating complex, multimodal, multisite data compliantly at a
global collaborative level between academia and industry (e.g.,
INTONATE-MS, AISB)

Collaborative partnerships and the assessment of global health
data at scale have the potential of advancing research, drug
development and clinical practice towards the goal of true
personalised medicine and improved patient outcomes
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Validation of federated architecture data capture vs. centralized

data collection

federated vs. centralized coefficients are

equally accurate (relapses, EDSS)
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Kaplan-Meier plot for time to DMT class switch
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informative examples to demonstrate acceleration in time

accelerated evaluation of existing Algorithms for T2 lesion

segmentation in MS

a 3
g »
4 &
S =
e
» = % % « & s 0 " Bl ) « «
Federated Rounds Federated Rounds
ou
as
oss
P
]
o
g
2 o
2 .
5 o
o
0 ) E E » © .
Federated Rounds
FIGURE 2

Validation Dice (top left), training loss (top right), and validation loss (bottom) across 50 federated rounds. Each curve represents one of the three
participating sites (Site A: pink, Site B: orange, Site C: blue).

Hindawi et al., Front Neurol 2025

accelerated differentiation of established fluid biomarkers
(NfL and GFAP) in MS
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FIGURE 2: Kaplan-Meier curves showing the proportion of patients experiencing future PIRA when having high (Z score > 1)
versus low (Z score < 1) biomarker levels of sGFAP (A) and sNfL (B) at index sample. Patients with a SGFAP Z score > 1 (>84.1st
percentile) at index sample (median 1 year after BCDT start) were at 2.1-fold risk of a future PIRA event versus those with sGFAP
Z score of <1 (HR: 2.1 [1.4-3.1], p = 0.0005); accordingly, patients with a sNfL Z score >1 showed 1.8-fold increased risk to
develop PIRA compared to patients with a sNfL Z score <1 (HR: 1.8 [Cl: 1.2-2.6], p=0.0058). HR, hazard ratio; PIRA,
progression independent of relapse activity; sGFAP, serum glial fibrillary acidic protein; sNfL, serum neurofilament light chain.
[Color figure can be viewed at www.annalsofneurology.org]

Benkert et al., Ann Neurol 2025
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Outlook: Building an acceleration engine for biomarker development
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Doing now what patients need next
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