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Postdoc in the group of David Clifton at the University of Oxford, since July 2025.

Background:
e Dec 2023 - Jun 2025: Postdoc at Karolinska Institutet in Stockholm, ML/CV for
computational pathology, in the group of Mattias Rantalainen.
e 2018 - 2023: PhD in Machine Learning, Uppsala University.

e Thesis: Towards Accurate and Reliable Deep Regression Models.
Supervisors: Thomas Schon & Martin Danelljan.

e 2013 - 2018: BSc & MSc in Electrical Engineering, Linkoping University.
e 2016 - 2017: Graduate exchange student, Stanford University.

Machine learning for healthcare with a particular focus on biosignals and wearables.
More broadly, | am interested in how to build and evaluate reliable machine learning

models, for applications within data-driven medicine and healthcare.
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https://eng.ox.ac.uk/chi/team
https://ki.se/en/research/research-areas-centres-and-networks/research-groups/predictive-medicine-mattias-rantalainens-research-group
http://www.fregu856.com/publication/thesis/
https://user.it.uu.se/~thosc112/
https://martin-danelljan.github.io/

ut the Presentation

| will briefly describe three papers where we evaluate the performance and robustness

of a range of recent pathology foundation models:

I: Benchmarking Pathology Foundation Models for Breast Cancer Survival Prediction
Fredrik K. Gustafsson, Constance Boissin, Johan Vallon-Christersson, David A. Clifton, Mattias Rantalainen
Preprint, 2026

II: Evaluating Computational Pathology Foundation Models for Prostate Cancer Grading under
Distribution Shifts

Fredrik K. Gustafsson, Mattias Rantalainen

Preprint, 2026

I1l: Scanner-Induced Domain Shifts Undermine the Robustness of Pathology Foundation Models
Erik Thiringer, Fredrik K. Gustafsson, Kajsa Ledesma Eriksson, Mattias Rantalainen
Preprint, 2026
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Computational Pathology

Computational pathology uses machine learning and computer vision to automatically
extract useful information from histopathology whole-slide images (WSls).

Given datasets of (WSI, label) pairs, models can be trained for applications such as
histological grading, patient outcome prediction, and prediction of various biomarkers.
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Pathology Foundation Models (PFMs)

Foundation models are large models trained on large amounts of unlabeled data using
self-supervised learning. They are intended to be general-purpose feature extractors.

Self-supervised learning enables models to be trained on “raw” unlabeled data. Large
collections of unlabeled WSIs — WSIs without known clinical info, patient outcomes or
any other type of annotations — can thus be directly utilized in model training.

Has recently become a popular research direction within computational pathology:

UNI: Towards a General-Purpose Foundation Model for Computational Pathology
Nature Medicine, 2024

Prov-GigaPath: A Whole-Slide Foundation Model for Digital Pathology from Real-World Data
Nature, 2024

Virchow: A Foundation Model for Clinical-Grade Computational Pathology and Rare Cancers Detection
Nature Medicine, 2024
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Typical Workflow for Application of PFMs

e Tissue-segment each WSI and divide it into image patches (e.g. 224 224 pixels).

e Use a frozen foundation model to extract feature vectors for all images patches in
each WSI (typical range: 5,000 - 25,000 image patches per WSI).

e Train a small model that, for each WSI, takes the extracted patch-level feature
vectors as input and outputs a WSI-level prediction (standard supervised training).
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Paper I: Benchmarking PFMs for Survival Prediction

Benchmarking Pathology Foundation Models for Breast Cancer Survival Prediction
Fredrik K. Gustafsson, Constance Boissin, Johan Vallon-Christersson, David A. Clifton, Mattias Rantalainen

Preprint, 2026

Model Name Architecture Size Featur'e Pretraining Data
Dimension
Resnet-IN [7] ResNet-50 25M 1024 1.3M natural images
CTransPath [22] CNN +Swin-T ~ 22M 768 30K WSIs
RetCCL [23] ResNet-50 25M 2048 32K WSIs
UNI[2] ViT-L 307M 1024 100K WSIs
UNI2-h [13] ViT-H 682M 1536 350K WSls
H-optimus-0 [18] ViT-G 1.1B 1536 500K WSIs
H-optimus-1 [1] ViT-G 11B 1536 1M WSIs
Prov-GigaPath [25] VIiT-G 1.1B 1536 170K WSIs
Virchow [21] ViT-H 632M 2560 1.5M WSIs
Virchow? [26] ViT-H 632M 2560 3.1M WSls
HO-mini [5] ViT-B 86M 768 500K + 6K WSIs
CONCH [11] ViT-B 86M 512 21K WSIs + 1.1M image-text pairs
CONCHv1.5 [3] ViT-L 307M 768 N/A

Rank  Model Name Model Ranks ~ Mean Model Rank (1)
1 H-optimus-1 1,113 15
2 HO-mini 2245 3.25
3 H-optimus-0 55,5,3 45
4 CONCHv1.5 8,821 4.75
5  UNI2-h 4,46,6 5
6 Virchow?2 33,78 5.25
7 Virchow 10,10,2,2 6
8 CONCH 6,6,8,7 6.75
9 Prov-GigaPath 6,6,9,9 75
10 UNI 9,9,10,10 9.5
11 CTransPath 12,12,11,11 115
12 RetCCL 11,11,1313 12
13 Resnet-IN 13,13,12,12 125
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I: Benchmarking PFMs for Survival Prediction

We evaluate 13 models: a natural-image baseline, two early pathology-speci ¢ models,
seven state-of-the-art PFMs, a compact distilled PFM, and two vision-language PFMs.

Downstream survival models are trained on a dataset of 2,315 breast cancer patients
(S®S-BC-4) and evaluated on two independent external datasets (KS-Solna and
SCAN-B-Lund) comprising 3,119 patients in total.

Models are evaluated under four settings: RFS and PFS, each assessed both for the fu
cohort (CAll Patients’) and for the clinically relevant 'ER+ & HER2-' patient subgroup.

The combined evaluation set of 3,119 patients contains 615 RFS events and 233 PFS
events, with 2,524 patients (80.9% of the full set), 475 RFS events (77.2%) and 157
PFS events (67.4%) in the "ER+ & HER2-' patient subgroup.
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I: Benchmarking PFMs for Survival Prediction - Main Results
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I: Benchmarking PFMs for Survival Prediction - Risk Strati cation
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I: Benchmarking PFMs for Survival Prediction - Detailed Comparison
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I: Benchmarking PFMs for Survival Prediction - Feature Space Analysis
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I: Benchmarking PFMs for Survival Prediction - Main Takeaways

(1/4) H-optimus-1 achieves the strongest overall performance, but absolute di erences
between top-performing PFMs are small and con dence intervals substantially overlap.

(2/4) Across model families, consistent generational improvements are observed, with
second-generation PFMs (H-optimus-1, CONCHv1.5, UNI2-h, Virchow?2) outperforming their
rst-generation counterparts. However, these gains remain modest despite substantial increase:
in pretraining data scale, suggesting diminishing returns from scaling alone.

(3/4) Model size is not a reliable predictor of performance, as smaller and more e cient
models can match or exceed much larger architectures, emphasizing the importance of training
strategy and pretraining data quality over model scaling.

(4/4) The distilled HO-mini achieves the second-best overall ranking and slightly outperforms
its teacher model H-optimus-0, while using less than 8% of the parameters and enabling much
faster feature extraction. Knowledge distillation can thus yield highly e cient PFMs without
sacri cing performance, making it a particularly promising approach for practical deployment.
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Paper |l: Evaluating PFMs under Distribution Shifts

Evaluating Computational Pathology Foundation Models for Prostate Cancer Grading under
Distribution Shifts

Fredrik K. Gustafsson Mattias Rantalainen

Preprint, 2026
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[I: Evaluating PFMs under Distribution Shifts

The PANDA dataset was collected from two di erent sites: Radboud University
Medical Center in the Netherlands, and Karolinska Institutet in Sweden.

Radboud and Karolinska di er in terms of both the pathology lab procedures and
utilized scanners, creating a clear distribution shift for the WSI image data.

By creating further subsets of the PANDA dataset, we are also able to evaluate
robustness in terms of shifts in the label distribution over the ISUP grades O - 5.
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[I: Evaluating PFMs under Distribution Shifts - Results
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