
P1 Guest Talk

All that glitters is not gold:
Tales from applying deep learning to clinical data
Chloé-Agathe Azencott

Centre for Computational Biology (CBIO)
Mines Paris – PSL, Institut Curie & INSERM U1331

PR[AI]RIE-PSAI

May 21, 2025
http://cazencott.info chloe-agathe.azencott@minesparis.psl.eu @cazencott@lipn.info

http://cazencott.info
chloe-agathe.azencott@minesparis.psl.eu
https://lipn.info/@cazencott


Deep learning is everywhere
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Deep learning works particularly well when

— the data is really big

— ImageNet: 14 million images

— LLama [Tou+23]: 2 trillion tokens

— the nature of the data is well understood

⇒ good modeling/architecture

— the nature of the problem is well understood

humans can do it
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Deep learning does not work so well on tabular data

— Tabular/structured data: organized as a table of values
omics data, lab measurements, vital signs, clinical data, etc.

— Tree-based models remain state-of-the-art on tabular data [GOV22; McE+23]
— Robustness to uninformative features and irregular features (skewed, high variance, etc)
— Ability to learn non-smooth functions
— Non-invariance by rotation [Ng04]

— A possible solution: pretraining
— learn good representations on very large data sets; fine-tune on the task at hand
— CARTE [KGV24] and TabPFN [Hol+25]
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Deep learning is better suited to (big) non-tabular data
— Images

[Gul+16] learns from 128 175 retinal fundus photographs

— Graphs
[LU21] predicts chronic disease by creating a patient network from 1.2 million EHRs

— Longitudinal data
— [Raj+18] learns medical events (unplanned readmission, mortality) from 216 221 EHRs

— [Li+20] learns to predict future diagnoses from 1.6 million EHRs

— Text
[Dua+18] learns ICD-10 codes of cause of death from 121 536 free-text death certificates
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Deep learning for images
— One of the most successful areas of clinical applications of deep learning [Agg+21]
— Detecting diabetic retinopathy [Gul+16]

— Identifying skin disease [Est+17]

— Machine learning for medical imaging: methodological failures and recommendations for the
future [VC22]

Image credits: Yale Rosen pulmonary_pathology (Flickr) 5
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Deep learning for graphs

— Graphs model relationships between entities:

genes, proteins, drugs, pathways, side effects, mutations,
patients, lab tests, diagnoses, etc.

— Learning on graphs:

— Label graphs

— Label nodes

— Label edges / edge completion

— Deep learning: graph neural networks [SL+21; Khe+24]; graph transformers [She+24]

Graph artificial intelligence in medicine [Joh+24]
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Tale 1: Large-scale drug-target interaction prediction

Gwenn Guichaoua et al., Drug-target interaction prediction at scale: the Komet algorithm with
the LCIdb dataset, JCIM 2024 (read it on biorxiv)

https://komet.readthedocs.io/
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Large-scale drug-target interaction prediction

— Goal: predict whether a (protein, molecule) pair interacts

— for a given protein and all drug-like molecules in a library: drug discovery/repositioning
— for a given molecule and all druggable proteins: side effects prediction, mechanism of
action of drugs identified by phenotypic screening

— LCIdb: 271 180 molecules, 2 060 proteins, 0.07% pairs labeled (98% positive)

— Data is, big and, non-tabular;/ humans cannot perform the task
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Large-scale drug-target interaction prediction

— Methods

— Molecule embedding from molecular graph ϕm : m 7→ ~m ∈ Rdm

— Protein embedding from protein sequence ϕp : p 7→ ~p ∈ Rdp

— Interaction model f : Rdm × Rdp → [0, 1]

— State-of-the-art deep learning approaches:

Ingredient MolTrans [Hua+21] ConPLex [Sin+23]
Molecule embedding Transformers ECFP
Protein embedding Transformers ProtBERT
Interaction model neural network neural network
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Large-scale drug-target interaction prediction

— Methods
Ingredient MolTrans [Hua+21] ConPLex [Sin+23] Komet
Molecule embedding transformers ECFP feature map of Tanimoto kernel on ECFP
Protein embedding transformers ProtBERT feature map of Local Alignment kernel
Interaction model neural network neural network SVM with Kronecker kernel

— Komet contribution: use Nyström approximations to scale to LCIdb
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Large-scale drug-target interaction prediction
, Komet is much faster to train than its deep learning counterparts
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Large-scale drug-target interaction prediction
, Komet has better performance than its deep learning counterparts
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Large-scale drug-target interaction prediction
, Komet has better performance than its deep learning counterparts

, especially in the more difficult orphan setup
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Deep learning is better suited to (big) non-tabular data
— Images

[Gul+16] learns from 128 175 retinal fundus photographs

— Graphs
[LU21] predicts chronic disease by creating a patient network from 1.2 million EHRs

— Longitudinal data
— [Raj+18] learns medical events (unplanned readmission, mortality) from 216 221 EHRs

— [Li+20] learns to predict future diagnoses from 1.6 million EHRs

— Text
[Dua+18] learns ICD-10 codes of cause of death from 121 536 free-text death certificates

16



Deep learning for longitudinal data

— Patient trajectory: patient data acquired through time, at irregular intervals
diagnoses, therapies, lab values, clinical notes, imaging, etc.

— LSTM approaches
— LSTM and Bi-LSTM networks: for time series (= regularly time-spaced)
— T-LSTM [Bay+17]: also embeds time elapsed between consecutive elements

— Transformer-based approaches:
— BEHRT [Li+20] predicts next diagnosis from sequence of previous diagnoses

— [Moo+23] predicts risk of sepsis at ICU admissions using transformers

Machine and deep learning for longitudinal biomedical data [Cas+23]

17
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Tale 2: Labeling relapse in breast cancer patient trajectories

Élise Dumas et al., EDEN : An Event DEtection Network for the annotation of Breast Cancer
recurrences in administrative claims data, ML4Health 2022

https://github.com/rt2lab/eden

18
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Event annotation in patient trajectories

— Goal: Identify which patients underwent relapse, and when

— Data:

— 5 892 patients treated for primary breast cancer

— irregularly spaced, right-censored sequences of medical codes from healthcare claims

— Data is/ not so big and, non-tabular;, humans can (more or less) perform the task

— Methods

— T-LSTM [Bay+17] does not deal with censorship

19
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Event annotation in patient trajectories
— EDEN: Extends T-LSTM to censored data, using a new loss function to estimate the event rate

— Patient event rate function:W (t) = P [t ≥ τ ] τ = time to event

0

1

ττ− T

— Loss function:
α1L1︸ ︷︷ ︸
BCE

+α2L2 + α3L3︸ ︷︷ ︸
uncensored

+α4L4︸ ︷︷ ︸
censored

— uncensored data: L2 penalizes low W̃ (τ) and L3 penalizes high W̃ (τ−)

— censored data: L4 penalizes high W̃ (T ) 20



Event annotation in patient trajectories
Performance on an independent test set of 800 patient trajectories

, EDEN achieves state-of-the-art accuracy in predicting whether there is a relapse
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Event annotation in patient trajectories
Performance on an independent test set of 800 patient trajectories

, EDEN is much better than other approaches at predicting when the relapse occurred
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Event annotation in patient trajectories

, EDEN achieves state-of-the-art accuracy in predicting whether there is a relapse

, EDEN is much better than other approaches at predicting when the relapse occurred

However these results

/ Only show one performance criterion (accuracy)
/ Are presented without confidence intervals
/ Do not improve enough over the ad-hoc approach that we are ready to use EDEN in practice.
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Tale 3: Predicting outcome from multi-modal patient trajectories

Maguette Ndèye Mbaye et al., Multimodal BEHRT: transformers for multimodal Electronic
Health Records, medrxiv 2024

https://github.com/maguettemb/Multimodal-BEHRT

24
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Classification of multi-modal patient trajectories

— Goal: Predict disease-free survival status 3 years after first breast cancer surgery

— Data:

— 15 150 patients treated with adjuvant chemotherapy
— multi-modal trajectories: rich tabular information for each visit until 1 year after surgery
— biological measurements

— clinical information (age, tumor size/grade/subtype, number of lymph nodes involved)

— treatment

— department/procedure

— Data is/ not so big and, non-tabular;, humans cannot perform the task

25



Classification of multi-modal patient trajectories
— BEHRT [Li+20] uses one type of information per medical event

CLS D1 D2 SEP. . . . . .

+ + +
Age A A A. . . . . .

— TabularBEHRT

CLS a1 a2 b1 c1 c2 c3 SEP. . . . . .

+ + + + + + +
Delay ∆ ∆ ∆ ∆ ∆ ∆ ∆. . . . . .

+ + + + + + +
Modality a a b c c c SEP. . . . . .
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Classification of multi-modal patient trajectories
— Nottingham Prognostic Index (NPI): 0.2T + G + N

T = tumor size (cm);G = tumor grade;N = 1 if 0 lymph node involved, 2 if 1 to 3 nodes, 3 otherwise

/ TabularBEHRT does not significantly outperform
NPI on held-out data

NPI RF Tab BEHRT
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Deep learning is better suited to (big) non-tabular data
— Images

[Gul+16] learns from 128 175 retinal fundus photographs

— Graphs
[LU21] predicts chronic disease by creating a patient network from 1.2 million EHRs

— Longitudinal data
— [Raj+18] learns medical events (unplanned readmission, mortality) from 216 221 EHRs

— [Li+20] learns to predict future diagnoses from 1.6 million EHRs

— Text
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Deep learning for text

— Lots of free text clinical notes and reports

— Challenges:

— Highly specialized text (specific vocabulary; acronyms and shorthand)
— Language is not necessarily English
⇒ Specialized models are better than generic ones [Leh+23]

— Models trained on US clinical notes: ClinicalBERT [Als+19], GatorTron [Yan+22]

— DrBERT [Lab+23] trained on French clinical notes

— Long text but BERT is limited to 512 tokens (self-attention)2

2nowadays Recurrent Memory Transformers can deal with 1 million tokens [Bul+24].
29
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Text BEHRT
— Data:
— 15 150 patients treated with adjuvant chemotherapy

— text-based trajectories: free-text medical reports for each visit
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Text BEHRT
— Report embedding: pool token embeddings obtained by DrBERT [Lab+23]

ceci est un exemple
DrBERT

+

— TextBEHRT: Use a BEHRT-inspired architecture and embedding again

CLS Report SEP. . . . . .

+ +
Delay ∆ ∆. . . . . .
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Text BEHRT
— Nottingham Prognostic Index (NPI): 0.2T + G + N

T = tumor size (cm);G = tumor grade;N = 1 if 0 lymph node involved, 2 if 1 to 3 nodes, 3 otherwise

/ TabularBEHRT does not significantly outperform
NPI on held-out data

/ and neither does Text BEHRT

NPI RF Tab BEHRT Text BEHRT
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Multimodal BEHRT

— M-BEHRT: Combine Tabular BEHRT and
Text BEHRT through cross-attention [CFP21]

, M-BEHRT significantly outperforms NPI and
random forests on held-out data

, Interpretation through integrated
gradients [STY17] pointed towards possible
prognostic factors

/ Still a long way to go for clinical utility
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Take-home messages
— Recent advances in deep learning are exciting, but proceed with caution

— Data used in the clinic is often
— small

— tabular and/or multimodal

— not so well understood in nature

— Gains in performance are often not enough
— Is the performance metric appropriate?
— Is the gain significant?
— Are the resources (time, computational cost, ecological footprint) involved worth the gain?
— Interpretability & trustworthiness are key
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