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About the Presentation

I will briefly describe three papers evaluating different types of 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: SignalMC-MED: A Multimodal Benchmark for Evaluating Biosignal Foundation Models on

Single-Lead ECG and PPG
Fredrik K. Gustafsson, Xiao Gu, Mattia Carletti, Patitapaban Palo, David W. Eyre, David A. Clifton

Preprint, 2026

III: BAS: A Decision-Theoretic Approach to Evaluating Large Language Model Confidence
Sean Wu*, Fredrik K. Gustafsson*, Edward Phillips, Boyan Gao, Anshul Thakur, David A. Clifton

Preprint, 2026
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Background: Computational Pathology

Computational pathology uses machine learning and computer vision to automatically

extract useful information from histopathology whole-slide images (WSIs).

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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Background: Computational Pathology

Computational pathology uses machine learning and computer vision to automatically

extract useful information from histopathology whole-slide images (WSIs).

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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Background: 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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Background: Typical Workflow for Application of PFMs

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

• 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 ).

• 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

Table 2. Main model ranking, aggregated as the mean model
rank (↓) across the four evaluation settings based on Table 1.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 H-optimus-1 1,1,1,3 1.5
2 H0-mini 2,2,4,5 3.25
3 H-optimus-0 5,5,5,3 4.5
4 CONCHv1.5 8,8,2,1 4.75
5 UNI2-h 4,4,6,6 5
6 Virchow2 3,3,7,8 5.25
7 Virchow 10,10,2,2 6
8 CONCH 6,6,8,7 6.75
9 Prov-GigaPath 6,6,9,9 7.5
10 UNI 9,9,10,10 9.5
11 CTransPath 12,12,11,11 11.5
12 RetCCL 11,11,13,13 12
13 Resnet-IN 13,13,12,12 12.5

more than one million WSIs.
Our study makes three main contributions: (1) We

present a large-scale, multi-cohort benchmark for breast
cancer survival prediction, leveraging over 5,400 pa-
tients with external validation to enable robust assess-
ment of model generalization. (2) We provide a system-
atic head-to-head evaluation of a natural-image baseline,
early pathology-specific models, state-of-the-art PFMs, and
vision-language PFMs. (3) We show that compact distilled
models can match or even exceed the performance of signif-
icantly larger teacher models, highlighting a promising path
toward efficient and scalable deployment of PFMs in clin-
ical workflows. (consider updating these points, to better
match the discussion / actionable takeaways)

Results
We evaluate thirteen representative models spanning a
natural-image baseline (Resnet-IN), two early pathology-
specific models (CTransPath [22], RetCCL [23]), seven
state-of-the-art PFMs (Prov-GigaPath [25], UNI [2], UNI2-
h [13], Virchow [21], Virchow2 [26], H-optimus-0 [18], H-
optimus-1 [1]), a compact distilled PFM (H0-mini [5], dis-
tilled from H-optimus-0), and two vision-language PFMs
(CONCH [11], CONCHv1.5 [3]).

Models are evaluated using a unified pipeline for WSI-
based survival prediction (see Methods for details). Each
model is used as a frozen feature extractor to compute
patch-level feature vectors for the given WSI, which are ag-
gregated into a predicted patient-level risk score using the
PANTHER [19] survival modelling framework. Survival
models are trained on a dataset of 2,315 patients (SöS-BC-
4) and evaluated on two independent external datasets (KS-
Solna and SCAN-B-Lund) comprising 3,119 patients in to-
tal. None of the evaluated PFMs were pretrained on any of
these datasets, ensuring a strict separation between pretrain-
ing data and the benchmark.

Performance is measured using the concordance index

Table 3. Overview of all thirteen evaluated models, including ar-
chitecture, model size (number of parameters), feature dimension,
and pretraining data scale. The models span a natural-image base-
line, two early pathology-specific models, seven state-of-the-art
PFMs, a compact distilled PFM, and two vision-language PFMs.

Model Name Architecture Size
Feature

Dimension Pretraining Data

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 WSIs
H-optimus-0 [18] ViT-G 1.1B 1536 500K WSIs
H-optimus-1 [1] ViT-G 1.1B 1536 1M WSIs
Prov-GigaPath [25] ViT-G 1.1B 1536 170K WSIs
Virchow [21] ViT-H 632M 2560 1.5M WSIs
Virchow2 [26] ViT-H 632M 2560 3.1M WSIs

H0-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

(C-index) and Kaplan-Meier survival analysis. Models are
evaluated under four complementary settings: recurrence-
free survival (RFS) and progression-free survival (PFS),
each assessed both for the full cohort (‘All Patients’) and
for the clinically relevant ‘ER+ & HER2-’ patient subgroup.
Model rankings are computed for each of the four settings
and aggregated to obtain a final overall ranking. The com-
bined 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.

Main Model Comparison

Figure 1 shows the C-index performance of all thirteen
models across the four evaluation settings, with correspond-
ing numerical results and model rankings in Table 1. The
aggregated overall ranking is summarized in Table 2.

H-optimus-1 achieves the highest C-index in three out
of four settings (RFS – All Patients, RFS – Patient Sub-
group, PFS – All Patients) and attains the best overall model
ranking. In absolute terms, this corresponds to a C-index
of 0.678 for RFS – All Patients and 0.702 for PFS – All
Patients. Notably, the compact distilled model H0-mini
achieves the second-best overall ranking, and slightly out-
performs its teacher model H-optimus-0 in three out of four
settings. CONCHv1.5, UNI2-h and Virchow2 also demon-
strate strong overall performance.

In contrast, the natural-image baseline Resnet-IN
achieves the lowest overall performance and ranks in
the bottom two across all four settings. The two early
pathology-specific models CTransPath and RetCCL also
perform poorly, consistently occupying the bottom three
ranks together with Resnet-IN. Among recent PFMs, UNI
achieves the lowest overall performance, only beating
Resnet-IN, CTransPath and RetCCL.
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more than one million WSIs.
Our study makes three main contributions: (1) We

present a large-scale, multi-cohort benchmark for breast
cancer survival prediction, leveraging over 5,400 pa-
tients with external validation to enable robust assess-
ment of model generalization. (2) We provide a system-
atic head-to-head evaluation of a natural-image baseline,
early pathology-specific models, state-of-the-art PFMs, and
vision-language PFMs. (3) We show that compact distilled
models can match or even exceed the performance of signif-
icantly larger teacher models, highlighting a promising path
toward efficient and scalable deployment of PFMs in clin-
ical workflows. (consider updating these points, to better
match the discussion / actionable takeaways)

Results
We evaluate thirteen representative models spanning a
natural-image baseline (Resnet-IN), two early pathology-
specific models (CTransPath [22], RetCCL [23]), seven
state-of-the-art PFMs (Prov-GigaPath [25], UNI [2], UNI2-
h [13], Virchow [21], Virchow2 [26], H-optimus-0 [18], H-
optimus-1 [1]), a compact distilled PFM (H0-mini [5], dis-
tilled from H-optimus-0), and two vision-language PFMs
(CONCH [11], CONCHv1.5 [3]).

Models are evaluated using a unified pipeline for WSI-
based survival prediction (see Methods for details). Each
model is used as a frozen feature extractor to compute
patch-level feature vectors for the given WSI, which are ag-
gregated into a predicted patient-level risk score using the
PANTHER [19] survival modelling framework. Survival
models are trained on a dataset of 2,315 patients (SöS-BC-
4) and evaluated on two independent external datasets (KS-
Solna and SCAN-B-Lund) comprising 3,119 patients in to-
tal. None of the evaluated PFMs were pretrained on any of
these datasets, ensuring a strict separation between pretrain-
ing data and the benchmark.

Performance is measured using the concordance index

Table 3. Overview of all thirteen evaluated models, including ar-
chitecture, model size (number of parameters), feature dimension,
and pretraining data scale. The models span a natural-image base-
line, two early pathology-specific models, seven state-of-the-art
PFMs, a compact distilled PFM, and two vision-language PFMs.

Model Name Architecture Size
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Dimension Pretraining Data

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 WSIs
H-optimus-0 [18] ViT-G 1.1B 1536 500K WSIs
H-optimus-1 [1] ViT-G 1.1B 1536 1M WSIs
Prov-GigaPath [25] ViT-G 1.1B 1536 170K WSIs
Virchow [21] ViT-H 632M 2560 1.5M WSIs
Virchow2 [26] ViT-H 632M 2560 3.1M WSIs

H0-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

(C-index) and Kaplan-Meier survival analysis. Models are
evaluated under four complementary settings: recurrence-
free survival (RFS) and progression-free survival (PFS),
each assessed both for the full cohort (‘All Patients’) and
for the clinically relevant ‘ER+ & HER2-’ patient subgroup.
Model rankings are computed for each of the four settings
and aggregated to obtain a final overall ranking. The com-
bined 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.

Main Model Comparison

Figure 1 shows the C-index performance of all thirteen
models across the four evaluation settings, with correspond-
ing numerical results and model rankings in Table 1. The
aggregated overall ranking is summarized in Table 2.

H-optimus-1 achieves the highest C-index in three out
of four settings (RFS – All Patients, RFS – Patient Sub-
group, PFS – All Patients) and attains the best overall model
ranking. In absolute terms, this corresponds to a C-index
of 0.678 for RFS – All Patients and 0.702 for PFS – All
Patients. Notably, the compact distilled model H0-mini
achieves the second-best overall ranking, and slightly out-
performs its teacher model H-optimus-0 in three out of four
settings. CONCHv1.5, UNI2-h and Virchow2 also demon-
strate strong overall performance.

In contrast, the natural-image baseline Resnet-IN
achieves the lowest overall performance and ranks in
the bottom two across all four settings. The two early
pathology-specific models CTransPath and RetCCL also
perform poorly, consistently occupying the bottom three
ranks together with Resnet-IN. Among recent PFMs, UNI
achieves the lowest overall performance, only beating
Resnet-IN, CTransPath and RetCCL.
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I: Benchmarking PFMs for Survival Prediction

We provide the first large-scale, externally validated benchmark of PFMs for breast

cancer survival prediction, using three independent cohorts with over 5,400 patients.

We evaluate 13 models: a natural-image baseline, two early pathology-specific 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

and evaluated on two independent external datasets comprising 3,119 patients in total.

Models are evaluated under four settings: RFS and PFS, each assessed both for the full

cohort (‘All 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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Figure 1. Main model comparison across evaluation settings, showing performance in terms of C-index (↑) for all thirteen evaluated
models. Models are evaluated for recurrence-free survival (RFS) and progression-free survival (PFS), each assessed both for the full cohort
(‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup. Bars show the bootstrap mean C-index with 95% confidence intervals.

Table 1. Main model comparison with numerical results and model rankings across evaluation settings, reporting
performance in terms of C-index (bootstrap mean with 95% confidence intervals) for all thirteen evaluated models.
Models are separately ranked based on the bootstrap mean within each of the four evaluation settings.

Rank Model Name C-index (↑)

1 H-optimus-1 0.678 (0.656 – 0.700)
2 H0-mini 0.676 (0.653 – 0.698)
3 Virchow2 0.675 (0.653 – 0.698)
4 UNI2-h 0.667 (0.644 – 0.689)
5 H-optimus-0 0.664 (0.642 – 0.686)
6 CONCH 0.663 (0.641 – 0.685)
6 Prov-GigaPath 0.663 (0.640 – 0.686)
8 CONCHv1.5 0.660 (0.637 – 0.683)
9 UNI 0.657 (0.635 – 0.680)

10 Virchow 0.656 (0.633 – 0.679)
11 RetCCL 0.645 (0.622 – 0.668)
12 CTransPath 0.632 (0.609 – 0.655)
13 Resnet-IN 0.612 (0.588 – 0.635)

(a) RFS – All Patients.

Rank Model Name C-index (↑)

1 H-optimus-1 0.670 (0.645 – 0.695)
2 H0-mini 0.668 (0.642 – 0.693)
3 Virchow2 0.665 (0.639 – 0.690)
4 UNI2-h 0.663 (0.637 – 0.688)
5 H-optimus-0 0.660 (0.633 – 0.685)
6 CONCH 0.657 (0.631 – 0.681)
6 Prov-GigaPath 0.657 (0.631 – 0.682)
8 CONCHv1.5 0.651 (0.625 – 0.676)
9 UNI 0.648 (0.622 – 0.674)

10 Virchow 0.639 (0.613 – 0.665)
11 RetCCL 0.636 (0.609 – 0.662)
12 CTransPath 0.627 (0.601 – 0.652)
13 Resnet-IN 0.600 (0.572 – 0.627)

(b) RFS – Patient Subgroup (ER+ & HER2-).

Rank Model Name C-index (↑)

1 H-optimus-1 0.702 (0.666 – 0.737)
2 Virchow 0.695 (0.660 – 0.729)
2 CONCHv1.5 0.695 (0.660 – 0.729)
4 H0-mini 0.692 (0.655 – 0.728)
5 H-optimus-0 0.686 (0.651 – 0.722)
6 UNI2-h 0.683 (0.647 – 0.719)
7 Virchow2 0.681 (0.645 – 0.718)
8 CONCH 0.675 (0.639 – 0.710)
9 Prov-GigaPath 0.673 (0.636 – 0.710)

10 UNI 0.671 (0.634 – 0.708)
11 CTransPath 0.647 (0.609 – 0.686)
12 Resnet-IN 0.628 (0.590 – 0.666)
13 RetCCL 0.627 (0.589 – 0.666)

(c) PFS – All Patients.

Rank Model Name C-index (↑)

1 CONCHv1.5 0.680 (0.636 – 0.721)
2 Virchow 0.678 (0.634 – 0.720)
3 H-optimus-1 0.670 (0.626 – 0.715)
3 H-optimus-0 0.670 (0.624 – 0.714)
5 H0-mini 0.666 (0.619 – 0.711)
6 UNI2-h 0.657 (0.611 – 0.702)
7 CONCH 0.656 (0.612 – 0.700)
8 Virchow2 0.655 (0.608 – 0.700)
9 Prov-GigaPath 0.641 (0.594 – 0.687)

10 UNI 0.638 (0.592 – 0.683)
11 CTransPath 0.622 (0.573 – 0.670)
12 Resnet-IN 0.606 (0.557 – 0.655)
13 RetCCL 0.604 (0.555 – 0.653)

(d) PFS – Patient Subgroup (ER+ & HER2-).
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Table 2. Main model ranking, aggregated as the mean model
rank (↓) across the four evaluation settings based on Table 1.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 H-optimus-1 1,1,1,3 1.5
2 H0-mini 2,2,4,5 3.25
3 H-optimus-0 5,5,5,3 4.5
4 CONCHv1.5 8,8,2,1 4.75
5 UNI2-h 4,4,6,6 5
6 Virchow2 3,3,7,8 5.25
7 Virchow 10,10,2,2 6
8 CONCH 6,6,8,7 6.75
9 Prov-GigaPath 6,6,9,9 7.5
10 UNI 9,9,10,10 9.5
11 CTransPath 12,12,11,11 11.5
12 RetCCL 11,11,13,13 12
13 Resnet-IN 13,13,12,12 12.5

more than one million WSIs.
Our study makes three main contributions: (1) We

present a large-scale, multi-cohort benchmark for breast
cancer survival prediction, leveraging over 5,400 pa-
tients with external validation to enable robust assess-
ment of model generalization. (2) We provide a system-
atic head-to-head evaluation of a natural-image baseline,
early pathology-specific models, state-of-the-art PFMs, and
vision-language PFMs. (3) We show that compact distilled
models can match or even exceed the performance of signif-
icantly larger teacher models, highlighting a promising path
toward efficient and scalable deployment of PFMs in clin-
ical workflows. (consider updating these points, to better
match the discussion / actionable takeaways)

Results
We evaluate thirteen representative models spanning a
natural-image baseline (Resnet-IN), two early pathology-
specific models (CTransPath [22], RetCCL [23]), seven
state-of-the-art PFMs (Prov-GigaPath [25], UNI [2], UNI2-
h [13], Virchow [21], Virchow2 [26], H-optimus-0 [18], H-
optimus-1 [1]), a compact distilled PFM (H0-mini [5], dis-
tilled from H-optimus-0), and two vision-language PFMs
(CONCH [11], CONCHv1.5 [3]).

Models are evaluated using a unified pipeline for WSI-
based survival prediction (see Methods for details). Each
model is used as a frozen feature extractor to compute
patch-level feature vectors for the given WSI, which are ag-
gregated into a predicted patient-level risk score using the
PANTHER [19] survival modelling framework. Survival
models are trained on a dataset of 2,315 patients (SöS-BC-
4) and evaluated on two independent external datasets (KS-
Solna and SCAN-B-Lund) comprising 3,119 patients in to-
tal. None of the evaluated PFMs were pretrained on any of
these datasets, ensuring a strict separation between pretrain-
ing data and the benchmark.

Performance is measured using the concordance index

Table 3. Overview of all thirteen evaluated models, including ar-
chitecture, model size (number of parameters), feature dimension,
and pretraining data scale. The models span a natural-image base-
line, two early pathology-specific models, seven state-of-the-art
PFMs, a compact distilled PFM, and two vision-language PFMs.

Model Name Architecture Size
Feature

Dimension Pretraining Data

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 WSIs
H-optimus-0 [18] ViT-G 1.1B 1536 500K WSIs
H-optimus-1 [1] ViT-G 1.1B 1536 1M WSIs
Prov-GigaPath [25] ViT-G 1.1B 1536 170K WSIs
Virchow [21] ViT-H 632M 2560 1.5M WSIs
Virchow2 [26] ViT-H 632M 2560 3.1M WSIs

H0-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

(C-index) and Kaplan-Meier survival analysis. Models are
evaluated under four complementary settings: recurrence-
free survival (RFS) and progression-free survival (PFS),
each assessed both for the full cohort (‘All Patients’) and
for the clinically relevant ‘ER+ & HER2-’ patient subgroup.
Model rankings are computed for each of the four settings
and aggregated to obtain a final overall ranking. The com-
bined 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.

Main Model Comparison

Figure 1 shows the C-index performance of all thirteen
models across the four evaluation settings, with correspond-
ing numerical results and model rankings in Table 1. The
aggregated overall ranking is summarized in Table 2.

H-optimus-1 achieves the highest C-index in three out
of four settings (RFS – All Patients, RFS – Patient Sub-
group, PFS – All Patients) and attains the best overall model
ranking. In absolute terms, this corresponds to a C-index
of 0.678 for RFS – All Patients and 0.702 for PFS – All
Patients. Notably, the compact distilled model H0-mini
achieves the second-best overall ranking, and slightly out-
performs its teacher model H-optimus-0 in three out of four
settings. CONCHv1.5, UNI2-h and Virchow2 also demon-
strate strong overall performance.

In contrast, the natural-image baseline Resnet-IN
achieves the lowest overall performance and ranks in
the bottom two across all four settings. The two early
pathology-specific models CTransPath and RetCCL also
perform poorly, consistently occupying the bottom three
ranks together with Resnet-IN. Among recent PFMs, UNI
achieves the lowest overall performance, only beating
Resnet-IN, CTransPath and RetCCL.
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I: Benchmarking PFMs for Survival Prediction - Risk Stratification
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(a) RFS – All Patients.
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(b) RFS – Patient Subgroup (ER+ & HER2-).
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(c) PFS – All Patients.
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(d) PFS – Patient Subgroup (ER+ & HER2-).

Figure 2. Two-group Kaplan-Meier risk stratification for three representative models. KM survival curves showing stratification into
low- and high-risk groups for RFS and PFS, each assessed for the full cohort (‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup.
Results for Resnet-IN (left column), UNI (middle), and H-optimus-1 (right). Each plot includes the C-index, log-rank test p-value, and the
number of patients at risk and events over time (0-14 years). Note the difference in range of the y-axis between RFS and PFS.
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I: Benchmarking PFMs for Survival Prediction - Risk Stratification
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(b) RFS – Patient Subgroup (ER+ & HER2-).
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(d) PFS – Patient Subgroup (ER+ & HER2-).

Figure 3. Four-group Kaplan-Meier risk stratification for three representative models. KM survival curves showing stratification into
four risk groups for RFS and PFS, each assessed for the full cohort (‘All Patients’) and the ‘ER+ & HER2-’ patient subgroup. Results for
Resnet-IN (left column), UNI (middle), and H-optimus-1 (right). Note the difference in range of the y-axis between RFS and PFS.
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I: Benchmarking PFMs for Survival Prediction - Detailed Comparison
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Figure 5. Effect of training data size on survival prediction performance for the three top-performing models. C-index performance
for H-optimus-0, H-optimus-1, and H0-mini as a function of the fraction of training data used (10%, 25%, 50%, 75%, 100%) across all
four evaluation settings. The experimental setup is identical to Figure 4, with results reported as mean ± std over five random seeds.

time of at least 12 years, and gray otherwise.
Clear clustering by dataset is observed for both UNI and

H-optimus-1, indicating that these models capture system-
atic differences between WSIs from different clinical co-
horts, while Resnet-IN shows no clear separation of the
two datasets. In contrast, clustering by survival outcome
is not clearly observed for any of the models. Despite the
substantially better survival prediction performance of H-
optimus-1 compared to Resnet-IN, early-event and event-
free patients are not clearly separated in the feature space of
either model.

Discussion

(anything else we should/could discuss in this section?)
In this study, we present a large-scale, multi-cohort

benchmark of PFMs for breast cancer survival prediction,
providing a systematic comparison across widely used mod-
els. Several key insights emerge from our results.

First, while H-optimus-1 achieves the strongest over-
all performance, the absolute differences between top-
performing models are relatively small. Across all four

evaluation settings, multiple recent PFMs including H-
optimus-1, H0-mini, H-optimus-0, CONCHv1.5, UNI2-
h, and Virchow2 achieve C-index values within a narrow
range, with substantially overlapping confidence intervals.
This suggests that although architectural and training im-
provements lead to consistent ranking gains, these improve-
ments are incremental rather than transformative. From
a practical perspective, this implies that model selection
should not be based solely on marginal performance differ-
ences, but also on factors such as computational efficiency
and ease of deployment.

A particularly notable finding is the strong performance
of the compact distilled model H0-mini, which slightly out-
performs its teacher model H-optimus-0 while using fewer
than 8% of the parameters and enabling significantly faster
feature extraction. This result is consistent across both full-
data and subset analyses (Figure 1 & 5), where H0-mini
matches or exceeds H-optimus-0 across evaluation settings.
Given the substantial computational cost associated with
WSI processing, this highlights knowledge distillation as
a highly promising strategy for developing efficient PFMs
without sacrificing predictive performance. Notably, H0-
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I: Benchmarking PFMs for Survival Prediction - Feature Space Analysis
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Figure 6. UMAP visualizations of learned feature representations for three representative models. UMAP projections of the mean
patch-level feature vectors for Resnet-IN (left column), UNI (middle), and H-optimus-1 (right) on the combined KS-Solna and SCAN-B-
Lund evaluation set, with one point per patient. Upper row: points are colored by dataset, green for KS-Solna and orange for SCAN-
B-Lund. Lower row: points are colored by survival outcome, red for patients with a PFS event within three years (82 patients), blue for
patients with no PFS/RFS event and a follow-up time of at least 12 years (407 patients), and gray for all other patients (2,630 patients).

mini is distilled using a small public dataset of just 6,000
WSIs, further emphasizing the potential of distillation to
transfer representational knowledge efficiently. Taken to-
gether, these findings suggest that compact models such
as H0-mini may represent a practically optimal trade-off
between performance and efficiency, and could serve as a
strong default choice for real-world applications.

Across model families, we observe consistent gen-
erational improvements, with second-generation PFMs
(H-optimus-1, CONCHv1.5, UNI2-h, Virchow2) outper-
forming their respective first-generation counterparts (H-
optimus-0, CONCH, UNI, Virchow) according to the aggre-
gated ranking. However, these gains remain modest despite
substantial increases in pretraining scale. For example, H-
optimus-1 is trained on twice as many WSIs as H-optimus-0
(1 million vs 0.5 million WSIs, Table 3), and Virchow2 sim-
ilarly scales pretraining data compared to Virchow, yet both
yield only incremental improvements in downstream per-
formance. This suggests that scaling pretraining data alone
may yield diminishing returns.

Similarly, model size alone is not a reliable predictor of
performance. Despite being among the very largest mod-
els evaluated (1.1 billion parameters), Prov-GigaPath places
only 9th in the overall ranking, while substantially smaller

models such as H0-mini and CONCH (86 million param-
eters) achieve competitive or superior performance. This
further reinforces the notion that aspects such as pretraining
data quality and training strategy are more critical than raw
model capacity.

Our results also provide tentative evidence regarding
vision-language pretraining. CONCH and CONCHv1.5
perform competitively despite relatively smaller model
sizes, suggesting that incorporating diverse image-caption
pairs and multimodal alignment objectives in the pretrain-
ing may improve representation learning efficiency. How-
ever, given the limited number of vision-language models
evaluated and the lack of controlled comparisons, no defini-
tive conclusions can be drawn. Future work should explore
this direction more systematically, for example through ab-
lation studies comparing vision-only and multimodal pre-
training under controlled settings.

Consistent with expectations, the natural-image base-
line Resnet-IN and early pathology-specific models
(CTransPath, RetCCL) perform consistently worse than
recent PFMs, confirming the importance of large-scale
domain-specific pretraining. At the same time, it is no-
table that even Resnet-IN achieves non-trivial performance
and can stratify patients into two risk groups (Figure 2),

9
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I: Benchmarking PFMs for Survival Prediction - Main Takeaways

(1/4) H-optimus-1 achieves the strongest overall performance, but absolute differences

between top-performing PFMs are small and confidence intervals substantially overlap.

(2/4) Across model families, consistent generational improvements are observed, with

second-generation PFMs (H-optimus-1, CONCHv1.5, UNI2-h, Virchow2) outperforming their

first-generation counterparts. However, these gains remain modest despite substantial increases

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 efficient

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 H0-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 efficient PFMs without

sacrificing performance, making it a particularly promising approach for practical deployment.
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Paper II: SignalMC-MED for Evaluating Biosignal FMs

SignalMC-MED: A Multimodal Benchmark for Evaluating Biosignal Foundation Models on

Single-Lead ECG and PPG
Fredrik K. Gustafsson, Xiao Gu, Mattia Carletti, Patitapaban Palo, David W. Eyre, David A. Clifton

Preprint, 2026
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II: SignalMC-MED for Evaluating Biosignal FMs

Utilizing the MC-MED dataset, we introduce SignalMC-MED, a benchmark of 22,256

emergency department visits with synchronized 10-minute single-lead ECG and PPG.

SignalMC-MED includes 20 tasks spanning prediction of demographics, emergency

department disposition, lab value regression, and detection of prior ICD-10 diagnoses.

Using this benchmark, we perform a systematic evaluation of representative time-series

and biosignal FMs across ECG-only, PPG-only, and ECG + PPG settings.
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Figure 8. Detailed evaluation framework for SignalMC-MED. A 10-minute synchronized single-lead ECG (black) and PPG (red)
signal is divided into non-overlapping 10-second segments. ECG and PPG segments are processed separately by a frozen FM (blue) to
extract a feature vector for each 10-second segment. The evaluated FM is applied to both ECG and PPG inputs, regardless of its pretraining
modality. The resulting segment-level features are aggregated via mean pooling (Σ) to form ECG-only and PPG-only visit-level feature
vectors, which are then averaged to obtain an ECG + PPG feature vector of the same dimensionality. Separate linear models are trained on
the ECG-only, PPG-only, and ECG + PPG representations to generate task-specific predictions across the 20 benchmark tasks.

optimized on the val split using the age regression task, and
the logistic regression inverse regularization strength is op-
timized using the sex classification task. These hyperparam-
eters are then fixed and applied across all remaining tasks.
Hyperparameter selection is performed separately for ECG-
only, PPG-only, and ECG + PPG representations, as well
as for each evaluated signal duration. Apart from this reg-
ularization selection, all downstream training settings are
held constant across modalities, signal lengths, and FMs to
ensure fair comparison. The implementation uses scikit-
learn [22] (version 1.7.2) with default settings. Feature vec-
tors are standardized using the mean and standard deviation
computed on the train split, and the same transformation is
applied to both val and test.

Evaluation Metrics & Reporting Model performance is
evaluated using Pearson correlation for regression tasks and
AUROC for classification tasks. To assess data efficiency
and robustness, downstream models are trained using 10%,
25%, 50%, and 100% of the available train visits. For
each percentage, training visits are sampled with replace-
ment from the train split (including the 100% setting), and
both downstream training and hyperparameter selection are
repeated five times. Results across all 20 benchmark tasks
(Table 4, Table S4 - S15) are reported as mean ± standard
deviation over the five resampling repetitions, for a given
train visit percentage.

For summary comparisons (Table 2), the 20 benchmark
tasks are grouped into five categories: age regression, sex
classification, emergency department disposition classifica-
tion, laboratory value regression (aggregated across eight
laboratory tests), and ICD-10 diagnosis classification (ag-
gregated across nine diagnosis groups). For each resam-
pling repetition, performance is first aggregated across tasks

within each category and across train visit percentages,
yielding one aggregate value per category. The reported re-
sults correspond to the mean ± standard deviation across
the five resampling repetitions. This produces five aggre-
gate mean performance values per FM and modality. Based
on these, models are ranked separately for ECG-only, PPG-
only, and ECG + PPG by computing ranks within each
of the five task categories and then averaging these ranks
across categories (Table 3). The mean model ranks are used
to facilitate cross-model comparison while reducing sensi-
tivity to any individual task.

For figure-based comparisons (Figure 2 - 6, Figure S2 -
S10), classification performance is aggregated across the
eleven binary classification tasks and regression perfor-
mance across the nine regression tasks. For clarity of visu-
alization, figures display only the mean performance across
the five resampling repetitions, omitting standard deviation
bars to avoid visual clutter.

Evaluated Models

We evaluate eight representative approaches spanning
general time-series FMs, ECG-specific and PPG-specific
biosignal FMs, a multimodal ECG + PPG FM, and hand-
crafted domain features. An overview of the evaluated FMs
is provided in Table 1, including model size, pretraining
data, feature dimensionality, and expected input sampling
frequency. None of the evaluated FMs were pretrained on
MC-MED, ensuring strict separation between model pre-
training and benchmark evaluation. When multiple model
sizes are available within a family, the variant used for pri-
mary comparisons is selected based on validation perfor-
mance (Table S1).
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(b) Examples of synchronized ECG and PPG signals in SignalMC-MED.

Figure 1. (a) Overview of the SignalMC-MED benchmark and evaluation framework. For each of the 22,256 visits, synchronized 10-
minute single-lead ECG (black) and PPG (red) signals are divided into non-overlapping 10-second segments. A frozen FM (blue) extracts
a feature vector for each 10-second segment. The resulting segment-level features are aggregated via mean pooling (Σ) to form a visit-level
representation, which is used to train a linear prediction model (green) across 20 downstream tasks: age regression, sex classification,
emergency department disposition classification, laboratory value regression (8 tasks), and prior ICD-10 diagnosis classification (9 tasks).
(b) Examples of synchronized ECG and PPG signals from three different visits. For each visit, five 3-second segments are shown, evenly
sampled from the full 10-minute signal (segment start times indicated above each panel). The signals illustrate inter-patient variability in
rhythm, morphology, amplitude and noise characteristics. Additional examples are provided in Figure S1 in the supplementary material.

chronological train/val/test splits without patient overlap to
approximate real-world deployment conditions. Using this
benchmark, we perform a systematic evaluation of repre-
sentative time-series and biosignal FMs (Table 1).

Our study provides three key contributions: (1) We in-
troduce a large-scale multimodal benchmark for rigorous
evaluation of biosignal FMs on synchronized ECG and PPG
signals collected in routine emergency care. (2) We conduct
a systematic head-to-head evaluation of general time-series
FMs, unimodal ECG- and PPG-specific biosignal FMs, a
multimodal biosignal FM, and hand-crafted domain fea-
tures across ECG-only, PPG-only, and ECG + PPG settings.
(3) We provide comprehensive empirical evidence clarify-
ing how modality specialization, multimodal fusion, signal
duration, model scale, and physiologically grounded do-
main features influence the performance of biosignal FMs.

Results
We evaluate eight representative approaches spanning
two general time-series FMs (MOMENT [10], Chronos-
Bolt [4]), four unimodal biosignal FMs (D-BETA [23],

Table 1. Overview of all evaluated FMs, including model size
(number of parameters) and expected input sampling frequency.

Model Name Size
Feature

Dimension
Sampling
Frequency Pretraining Data

MOMENT-small [10] 35M 512 Mixed 13M time series; 1.2B timestamps
MOMENT-base 110M 768 — —
MOMENT-large 341M 1024 — —

Chronos-Bolt-tiny [4] 9M 256 Mixed 100B time series observations
Chronos-Bolt-mini 21M 384 — —
Chronos-Bolt-small 48M 512 — —
Chronos-Bolt-base 205M 768 — —

PaPaGei [24] 6M 512 125Hz 20M 10-sec PPG segments
from 13.5K subjects

D-BETA [23] 62M 768 500Hz 0.78M 10-sec, 12-lead ECGs
from ∼150K subjects

ECGFounder [16] 31M 1024 500Hz 10.8M ECGs (“predominantly 10-sec,
12-lead”) from 1.8M subjects

xECG [18] 57M 1024 100Hz
2.4M 7–10-sec, 12-lead ECGs
from ∼1.7M subjects
+ 75 30-min, 12-lead ECGs

CSFM-tiny [12] 43M 768 250Hz 2.3M 10-sec, 12-lead ECGs + 0.27M
CSFM-base 109M 768 — paired 10-sec PPGs and single-lead
CSFM-large 334M 1024 — ECGs from 1.7M subjects

ECGFounder [16], xECG [18], PaPaGei [24]), one multi-
modal biosignal FM (CSFM [12]), and hand-crafted ECG
and PPG domain features. None of the evaluated FMs were

2

shows the test performance as a function of the percentage
of train visits used, highlighting both absolute performance
and data-efficiency trends.

Across modalities, CSFM-base achieves the best over-
all performance and mean rank, while xECG consistently
attains the second-best performance. The two models
perform strongly across both regression and classification
tasks. In contrast, PaPaGei and D-BETA rank among the
weakest performers overall. Notably, PaPaGei, which is the
only evaluated PPG-specific FM, ranks last for ECG-only
and ECG + PPG, and second-last even for PPG-only. Hand-
crafted domain features provide a strong baseline, rank-
ing fourth across all modalities and outperforming multi-
ple FMs. Among ECG-specific models, ECGFounder ranks
third for ECG-only and ECG + PPG but drops for PPG-only,
whereas xECG, despite ECG-only pretraining, ranks second
across modalities and performs strongly even on PPG-only
inputs.

Table 4 further reports CSFM-base val performance
across all 20 benchmark tasks. Performance varies substan-
tially across tasks, with particularly strong results for atrial
fibrillation and cardiac device detection, and more mod-
est performance for conditions such as anemia and venous
thromboembolism. Results on val for all eight evaluated
models across the 20 tasks, when training with 10%, 25%,
50%, and 100% of the train visits, are provided in Table S4 -
S15. Across tasks and train visit percentages, variability
across resampling repetitions remains small overall, indi-
cating stable performance estimates and consistent model
rankings.

Extended Model Analysis

Beyond the primary benchmark comparison, we further an-
alyze model behavior under different modality settings, sig-
nal lengths, and architectural configurations. Figure 3 & S2
show that ECG + PPG fusion consistently improves perfor-
mance over unimodal inputs for nearly all models and train
percentages. Figure 5 & S5 demonstrate that these gains
persist across different signal lengths, indicating that mul-
timodal complementarity is not limited to specific temporal
resolutions.

Using the full 10-minute signal consistently outperforms
shorter segments (Figure 4, S3 & S4), suggesting that
longer temporal context provides additional predictive in-
formation beyond short-window morphology. In contrast,
larger variants within the same model family (e.g., CSFM-
tiny/base/large) do not reliably outperform their smaller
counterparts (Figure S6 & S7), indicating diminishing re-
turns from parameter scaling under frozen linear evaluation.

Figure 6 & S8 evaluate concatenation of hand-crafted
domain features with learned FM representations. For ECG,
domain-feature augmentation consistently improves perfor-

Table 3. Main model ranking on the test set, computed sepa-
rately for (a) ECG-only, (b) PPG-only, and (c) ECG + PPG inputs.
Mean model rank (↓) across the five aggregated task categories
based on Table 2. A joint ranking across modalities is in Table S3.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 CSFM-base 7,5,5,2,4 4.6
2 xECG-10min 10,3,7,4,8 6.4
3 ECGFounder 11,12,9,7,7 9.2
4 Domain Features 17,23,4,6,1 10.2
5 MOMENT-base 21,11,19,15,16 16.4
6 D-BETA 22,21,18,20,12 18.6
7 Chronos-Bolt-small 19,18,20,18,19 18.8
8 PaPaGei 24,24,24,23,24 23.8

(a) ECG-only.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 CSFM-base 4,9,3,8,9 6.6
2 xECG-10min 6,10,10,12,14 10.4
3 MOMENT-base 12,17,12,13,17 14.2
4 Domain Features 15,13,13,22,15 15.6
5 Chronos-Bolt-small 13,15,17,16,22 16.6
6 ECGFounder 16,16,14,19,18 16.6
7 PaPaGei 18,22,22,17,21 20.0
8 D-BETA 23,20,21,24,23 22.2

(b) PPG-only.

Rank Model Name Model Ranks Mean Model Rank (↓)

1 CSFM-base 1,1,1,1,3 1.4
2 xECG-10min 2,2,6,3,6 3.8
3 ECGFounder 3,4,8,5,5 5.0
4 Domain Features (concat) 8,7,2,9,2 5.6
5 MOMENT-base 5,6,11,10,11 8.6
6 Chronos-Bolt-small 9,8,16,11,13 11.4
7 D-BETA 14,14,15,14,10 13.4
8 PaPaGei 20,19,23,21,20 20.6

(c) ECG + PPG.

mance, whereas improvements are less consistent for PPG.
Moreover, simple feature-level fusion slightly outperforms
CSFM’s internal multimodal mechanism (Figure S9), and
the performance gap between CSFM-base and domain fea-
tures narrows with longer signals (Figure S10), suggesting
that temporal aggregation partially compensates for repre-
sentational differences.

Finally, UMAP visualizations in Figure 7 & S11 show
clearer clustering by age group and atrial fibrillation la-
bel for CSFM-base, xECG, and ECGFounder than for gen-
eral time-series FMs, consistent with their stronger quan-
titative performance. Although UMAP provides only a
qualitative projection, these patterns suggest that domain-
specific biosignal FMs can learn more structured and clini-
cally aligned latent representations.

Discussion

Overall, our results demonstrate a clear advantage of
domain-specific biosignal FMs over general time-series
FMs across ECG-only, PPG-only, and ECG + PPG set-
tings. CSFM-base achieves the best overall performance
with xECG consistently second. This suggests that while
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Figure 2. Main model comparison on the test set, with average classification task performance (eleven tasks, left column) and regression
task performance (nine tasks, right column) shown as a function of the percentage of train visits used (10%, 25%, 50%, 100%). Rows
correspond to ECG-only (top), PPG-only (middle), and ECG + PPG (bottom) inputs. Each curve represents one evaluated model and shows
the mean performance across five resampling repetitions (standard deviations omitted for visual clarity).

tion beyond learned FM representations. The compara-
tively weaker and less consistent gains for PPG indicate
that our ECG-derived features encode particularly informa-
tive structure. These findings suggest that current ECG FMs
may not fully internalize certain established morphological
abstractions, and that incorporating auxiliary objectives or
physiologically informed inductive biases during pretrain-
ing could help ensure that learned FM representations sub-
sume strong handcrafted features rather than merely com-
plement them.

Interestingly, xECG performs strongly even on PPG-
only inputs despite ECG-only pretraining, suggesting par-
tial transferability of learned temporal and rhythm-level
representations across related cardiovascular signals. Both
ECG and PPG reflect manifestations of the same under-
lying cardiac cycle, and models trained to capture long-

range temporal structure and inter-beat dynamics in ECG
may therefore learn higher-level cardiovascular represen-
tations that remain informative for PPG. In contrast, the
PPG-specific model PaPaGei does not generalize well be-
yond its training modality, which may in part reflect the
limited subject-level diversity in its pretraining data. To-
gether, these findings suggest that large-scale exposure to
diverse cardiovascular dynamics may be more important
for cross-modality robustness than strict modality special-
ization alone.

Finally, variability in classification task performance
does not follow class prevalence alone (Table S17). For ex-
ample, cardiac device detection (2.4% test prevalence) and
atrial fibrillation detection (7.6%) achieve among the high-
est AUROC values, whereas more prevalent conditions such
as anemia (11.1%) and respiratory compromise (13.1%)
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Figure 3. Multimodal fusion comparison on the val set, comparing the ECG-only, PPG-only, and ECG + PPG performance for three
representative models (MOMENT-base, xECG-10min, CSFM-base). Average classification (left) and regression (right) task performance
is shown as a function of the percentage of train visits used. Results for the five remaining models are provided in Figure S2.

show more modest performance. This indicates that predic-
tive accuracy is driven primarily by the strength and speci-
ficity of physiological signatures present in ECG and PPG
signals rather than by label frequency. Indeed, conditions
such as atrial fibrillation and cardiac device implantation
are known to produce clear and direct waveform-level man-
ifestations, whereas anemia does not have a specific elec-
trocardiographic signature. Venous thromboembolism may
also occur without overt cardiac strain, consistent with the
more modest performance observed for this task.

This study has several limitations. All evaluations rely
on frozen representations with linear downstream models,
and results may differ under end-to-end fine-tuning or non-
linear adaptation. The benchmark focuses on the first 10
minutes of ECG and PPG recordings and employs simple
temporal aggregation strategies. Future work should ex-

tend the evaluation to continuous monitoring scenarios with
hours or days of data per patient to better assess long-term
temporal modeling. We evaluate seven representative FMs
spanning general time-series models and both unimodal and
multimodal biosignal models, but many additional models
could be included in future comparisons. Although chrono-
logical splits prevent temporal leakage and patient overlap,
all data originate from a single healthcare system. Gener-
alizability across institutions, acquisition devices, and pa-
tient populations therefore remains to be evaluated. Fi-
nally, while the task suite spans 20 clinically relevant out-
comes, it does not cover the full spectrum of cardiovascu-
lar and systemic conditions, nor does it assess prospective
clinical integration. Future work should also explore more
advanced multimodal fusion strategies and temporal aggre-
gation methods, and evaluate robustness under distribution
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Figure 4. Signal length comparison on the val set, showing how the ECG + PPG performance is affected by increasing the signal length
from 10 seconds to 10 minutes for three representative models (MOMENT-base, xECG, CSFM-base). Results for the five remaining
models are provided in Figure S3, and for ECG and PPG domain features in Figure S4.

shifts and real-world deployment settings.

The main actionable takeaways from our study are: (1)
Domain-specific biosignal FMs should be preferred over
general time-series FMs for cardiovascular prediction tasks.
(2) Multimodal ECG and PPG data should be leveraged
whenever available, as even simple late-fusion strategies
yield consistent improvements over unimodal inputs. (3)
Longer signal segments should be prioritized, as increased
temporal coverage (up to the full 10-minute signal) consis-
tently improves performance across models and tasks. (4)
Larger FM variants should not be assumed to outperform
smaller ones without task-specific validation. (5) Hand-
crafted ECG domain features should be included as a sim-
ple yet strong baseline to verify that FMs provide mean-
ingful gains, and can offer complementary benefits when
combined with learned FM representations.

Methods

We describe the construction of the SignalMC-MED bench-
mark, the downstream prediction tasks, and the unified eval-
uation framework used to compare FMs. As illustrated in
Figure 8, each visit comprises a synchronized 10-minute
single-lead ECG and PPG signal that is segmented, encoded
using frozen FMs, aggregated into visit-level representa-
tions, and evaluated using linear models across 20 clinically
relevant tasks. The following sections detail the dataset con-
struction, preprocessing, task definitions, evaluation proto-
col, and the evaluated FMs and baselines.

Dataset Construction

SignalMC-MED is derived from the MC-MED dataset [14,
15], which consists of data from 118,385 emergency de-
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Figure 6. Effect of concatenating ECG domain features with learned FM representations on the val set. Comparison of ECG-only
performance before (solid lines) and after (dashed lines) concatenation of hand-crafted ECG domain features to the frozen FM feature
vectors, shown for each of the seven evaluated FMs. The same comparison for PPG domain features is provided in Figure S8.

volving shorter signal durations, only the initial contiguous
subset of segments corresponding to the desired duration is
used. As signal quality control, hand-crafted domain fea-
tures are also extracted from both the ECG and PPG signals
(see Domain Features below for details). Visits for which
any preprocessing step fails are excluded from the analysis.

Benchmark Tasks

SignalMC-MED includes 20 downstream prediction tasks
spanning both regression and binary classification. Regres-
sion tasks include patient age and eight laboratory mea-
surements obtained during the emergency department visit.
Classification tasks include patient sex, emergency depart-
ment disposition, and the presence of specific ICD-10 di-
agnoses in the patient’s prior medical history, grouped into
nine clinically meaningful code sets. These tasks were se-

lected to capture a diverse range of physiological, demo-
graphic, and clinically relevant outcomes. Table 4 summa-
rizes all 20 benchmark tasks and reports CSFM-base perfor-
mance across them. The positive class prevalence for each
of the binary classification tasks across the train, val, and
test splits is reported in Table S17. These results provide
a reference for relative task difficulty and highlight the het-
erogeneity of signal predictability across clinical outcomes.

Demographics We include two demographic tasks: age re-
gression and sex classification. Age is treated as a contin-
uous target representing patient age in years at the time of
the visit, and sex is formulated as a binary classification task
using the recorded biological sex. Labels for both tasks are
extracted from the visits.csv file in MC-MED.

ED Disposition Emergency department disposition is for-
mulated as a binary classification task distinguishing vis-

10

20/30



II: SignalMC-MED for Evaluating Biosignal FMs - Model Size

10 25 50 100

0.68

0.7

0.72

A
U

R
O

C
(↑

)

Average Classification Task Performance

MOMENT-small
MOMENT-base
MOMENT-large

10 25 50 100

0.28

0.3

0.32

0.34

0.36

M
O

M
E

N
T

Pe
ar

so
n

C
or

re
la

tio
n

(↑
)

Average Regression Task Performance

10 25 50 100

0.68

0.7

0.72
A

U
R

O
C

(↑
)Chronos-Bolt-tiny

Chronos-Bolt-mini
Chronos-Bolt-small
Chronos-Bolt-base

10 25 50 100

0.28

0.3

0.32

0.34

0.36

0.38

C
hronos-B

olt

Pe
ar

so
n

C
or

re
la

tio
n

(↑
)

10 25 50 100

0.72

0.74

0.76

% of Train Data

A
U

R
O

C
(↑

)

CSFM-tiny
CSFM-base
CSFM-large

10 25 50 100

0.34

0.36

0.38

0.4

0.42

0.44

C
SFM

% of Train Data

Pe
ar

so
n

C
or

re
la

tio
n

(↑
)

Figure S6. Model size comparison on the val set, comparing the ECG + PPG performance of small/base/large model variants for
MOMENT, of tiny/mini/small/base variants for Chronos-Bolt, and of tiny/base/large variants for CSFM.
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II: SignalMC-MED for Evaluating Biosignal FMs - Main Takeaways

(1/5) Domain-specific biosignal FMs should be preferred over general time-series FMs for

cardiovascular prediction tasks.

(2/5) Multimodal ECG and PPG data should be leveraged whenever available, as even simple

late-fusion strategies yield consistent improvements over unimodal inputs.

(3/5) Longer signal segments should be prioritized, as increased temporal coverage (up to the

full 10-minute signal) consistently improves performance across models and tasks.

(4/5) Larger FM variants should not be assumed to outperform smaller ones without

task-specific validation.

(5/5) Hand-crafted ECG domain features should be included as a simple yet strong baseline to

verify that FMs provide meaningful gains, and can offer complementary benefits when

combined with learned FM representations.
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Paper III: BAS for Evaluating LLM Confidence

BAS: A Decision-Theoretic Approach to Evaluating Large Language Model Confidence
Sean Wu*, Fredrik K. Gustafsson*, Edward Phillips, Boyan Gao, Anshul Thakur, David A. Clifton

Preprint, 2026
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SimpleQA MedQA AIME
Model Acc↑ BAS↑ ECE↓ AURC↓ Acc↑ BAS↑ ECE↓ AURC↓ Acc↑ BAS↑ ECE↓ AURC↓

Frontier / Large Models
DS-R1 29.92.9 -0.480.06 52.72.7 0.600.04 92.11.5 0.760.03 2.61.2 0.030.01 66.711.7 0.450.20 17.68.1 0.070.06

DS-V3.2 17.62.3 -0.630.06 49.02.9 0.750.04 91.81.5 0.760.03 3.31.3 0.020.01 65.011.7 0.240.28 24.210.0 0.100.07

GPT-4o 21.42.6 -1.300.06 70.52.5 0.760.04 91.31.6 0.700.05 3.51.5 0.050.01 11.77.5 -5.060.98 73.810.6 0.770.12

GPT-oss 12.02.0 -0.660.05 58.52.1 0.770.04 91.01.6 0.740.04 2.61.2 0.020.01 75.010.8 0.570.22 7.26.2 0.050.04

Grok-3 32.92.9 -0.900.08 60.12.8 0.650.04 91.01.6 0.730.03 5.91.4 0.030.01 55.012.5 0.210.22 26.89.9 0.140.08

Mist(L) 28.72.9 -1.090.09 64.22.7 0.680.04 75.32.3 0.510.05 11.11.9 0.070.01 43.311.7 -0.310.35 44.011.3 0.260.13

Mid-tier Models
G3 Mini 19.62.5 -0.860.07 60.82.6 0.710.04 86.91.8 0.680.04 4.41.5 0.040.01 85.09.2 0.480.44 5.96.3 0.050.09

Llama 3.3 19.42.4 -2.970.24 68.12.6 0.750.04 84.02.0 0.570.04 3.61.5 0.100.02 8.37.5 -3.811.04 52.812.3 0.820.12

Mist(M) 20.22.5 -1.260.12 68.82.4 0.740.04 84.82.0 0.570.05 6.41.9 0.080.02 30.011.7 -1.420.75 54.810.8 0.500.17

Small / Efficient Models
4o-mini 8.91.8 -3.860.21 84.21.8 0.890.03 79.82.2 0.480.05 10.62.1 0.100.02 11.77.5 -5.010.95 81.49.3 0.780.13

Mist(S) 10.92.0 -1.630.07 82.61.9 0.890.03 80.02.2 0.470.05 11.42.1 0.110.02 5.05.8 -1.680.56 62.511.4 0.880.11

Phi-4 8.51.7 -3.630.22 84.11.8 0.910.03 80.82.2 0.390.07 14.22.1 0.110.02 15.09.2 -6.520.87 84.79.1 0.800.12
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III: BAS for Evaluating LLM Confidence

Can we trust the self-reported confidence of LLMs?

We consider the setting where only text-level access is available, and models are

prompted to produce both an answer and an associated confidence estimate.

Main contributions:

A decision-theoretic metric for confidence evaluation: We introduce BAS, a confidence

reliability metric derived from an explicit answer-or-abstain utility model.

A comprehensive benchmark of LLM confidence: We construct a benchmark of

self-reported LLM confidence across a diverse set of models, tasks and domains, and

evaluate BAS alongside widely used metrics such as ECE and AURC.
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III: BAS for Evaluating LLM Confidence - Metric Definition

Given a prompt x , the model produces a response R together with a scalar confidence

value s ∈ [0, 1). Z ∈ {0, 1} denotes the correctness of the response (Z = 1 if correct).

BAS =
1

N

N∑

i=1

U(si ,Zi ), U(s,Z ) =




s, Z = 1,

s + ln(1− s), Z = 0.

Correct predictions receive utility proportional to the model confidence s, while

ln(1− s) diverges to −∞ for highly confident errors. Thus, BAS ∈ (−∞, 1], where

higher values indicate better decision-level reliability.
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III: BAS for Evaluating LLM Confidence - Relation to Existing Metrics

BAS is most closely related to proper scoring rules such as log loss, sharing a

sensitivity to high-confidence errors, but differs in imposing an asymmetric penalty

that strongly prioritizes avoiding model overconfidence.

Preprint. Under review.

Property Accuracy ECE AURC Brier Score Log Loss BAS

Confidence magnitude 7 3 7 3 3 3
Calibration 7 3 7 3 3 3
Ranking 7 7 3 3 3 3
Proper scoring rule 7 7 7 3 3 3
Strongly penalizes overconfidence 7 7 7 7 3 3
Asymmetric overconfidence penalty 7 7 7 7 7 3
Decision-theoretic derivation 7 7 7 7 7 3

Table 1: Conceptual comparison of BAS with existing evaluation metrics. BAS is most closely
related to proper scoring rules such as log loss, sharing a sensitivity to high-confidence
errors, but differs in imposing an asymmetric penalty that strongly prioritizes avoiding
model overconfidence. In comparison, widely used calibration- and ranking-based metrics
such as ECE and AURC capture only partial aspects of confidence reliability.

2.3 Relation to Existing Metrics

We position BAS relative to widely used metrics for confidence reliability evaluation, such
as Expected Calibration Error (ECE) and the Area Under the Risk-Coverage Curve (AURC),
as well as standard proper scoring rules such as Brier score and log loss. These metrics
capture complementary aspects of confidence reliability, but differ in both motivation and
interpretation. Table 1 summarizes these relationships.

ECE evaluates probability calibration by measuring whether predicted confidence matches
empirical accuracy, but does not account for abstention or the asymmetric consequences of
overconfident errors. AURC evaluates ranking quality for selective prediction by measuring
the trade-off between risk and coverage, but is insensitive to the absolute magnitude of con-
fidence and therefore does not penalize extreme overconfidence when ranking is preserved.
BAS clearly differs from these calibration- and ranking-based metrics. In particular, ECE
and AURC fail to capture the impact of rare but highly overconfident errors. In BAS, such
errors incur large negative utility due to the logarithmic penalty ln(1 − s) in Eq. 4, directly
reflecting their effect on decision-level risk. As shown in Appendix C, these differences can
lead to concrete divergences in practice: models can exhibit identical ECE or AURC while
differing substantially in BAS. These examples highlight that calibration or ranking metrics
alone may not fully capture decision-level reliability in abstention-aware settings.

Standard proper scoring rules such as the Brier score and log loss provide a closer compar-
ison to BAS. For a binary outcome Z ∈ {0, 1} with predicted confidence s, the log loss is
given by `log(s, Z) = −

[
Z ln s + (1 − Z) ln(1 − s)

]
. Like BAS, log loss strongly penalizes

overconfident errors via the logarithmic term ln(1 − s). In contrast, the Brier score applies a
bounded quadratic penalty (s − Z)2. Because of the shared sensitivity to highly confident in-
correct predictions, BAS is most closely related to log loss among existing metrics. However,
an important distinction is that log loss penalizes underconfidence and overconfidence sym-
metrically, through the terms ln s and ln(1 − s), respectively. BAS, in contrast, imposes an
asymmetric penalty: it strongly penalizes overconfident errors while only linearly rewarding
correct predictions. As a result, models can have identical log loss yet clearly different BAS
(Appendix C). Moreover, there is a key conceptual distinction: whereas log loss evaluates
confidence as a probability forecast, BAS evaluates the expected utility of using confidence
to make answer-or-abstain decisions under varying risk thresholds. This gives BAS a direct
interpretation in terms of selective prediction behavior in abstention-aware settings.

3 Experimental Setup

We construct a comprehensive benchmark to evaluate the reliability of self-reported LLM
confidence estimates. We evaluate a diverse set of models across multiple tasks, compare
BAS with widely used metrics such as ECE and AURC, and study how confidence elicitation
and calibration affect decision-level reliability. Our evaluation focuses on a black-box setting
in which models are prompted to produce both an answer and a scalar confidence value.

Benchmarks. We evaluate BAS across a diverse set of benchmarks designed to probe differ-
ent failure modes of LLM confidence. Specifically, we consider AIME 2024/25 (Petrov et al.,
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III: BAS for Evaluating LLM Confidence - Main Benchmark Results

Confidence reliability varies substantially across tasks, and even frontier models can

exhibit severe overconfidence in challenging settings.

Preprint. Under review.

SimpleQA MedQA AIME
Model Acc↑ BAS↑ ECE↓ AURC↓ Acc↑ BAS↑ ECE↓ AURC↓ Acc↑ BAS↑ ECE↓ AURC↓

Frontier / Large Models
DS-R1 29.92.9 -0.480.06 52.72.7 0.600.04 92.11.5 0.760.03 2.61.2 0.030.01 66.711.7 0.450.20 17.68.1 0.070.06

DS-V3.2 17.62.3 -0.630.06 49.02.9 0.750.04 91.81.5 0.760.03 3.31.3 0.020.01 65.011.7 0.240.28 24.210.0 0.100.07

GPT-4o 21.42.6 -1.300.06 70.52.5 0.760.04 91.31.6 0.700.05 3.51.5 0.050.01 11.77.5 -5.060.98 73.810.6 0.770.12

GPT-oss 12.02.0 -0.660.05 58.52.1 0.770.04 91.01.6 0.740.04 2.61.2 0.020.01 75.010.8 0.570.22 7.26.2 0.050.04

Grok-3 32.92.9 -0.900.08 60.12.8 0.650.04 91.01.6 0.730.03 5.91.4 0.030.01 55.012.5 0.210.22 26.89.9 0.140.08

Mist(L) 28.72.9 -1.090.09 64.22.7 0.680.04 75.32.3 0.510.05 11.11.9 0.070.01 43.311.7 -0.310.35 44.011.3 0.260.13

Mid-tier Models
G3 Mini 19.62.5 -0.860.07 60.82.6 0.710.04 86.91.8 0.680.04 4.41.5 0.040.01 85.09.2 0.480.44 5.96.3 0.050.09

Llama 3.3 19.42.4 -2.970.24 68.12.6 0.750.04 84.02.0 0.570.04 3.61.5 0.100.02 8.37.5 -3.811.04 52.812.3 0.820.12

Mist(M) 20.22.5 -1.260.12 68.82.4 0.740.04 84.82.0 0.570.05 6.41.9 0.080.02 30.011.7 -1.420.75 54.810.8 0.500.17

Small / Efficient Models
4o-mini 8.91.8 -3.860.21 84.21.8 0.890.03 79.82.2 0.480.05 10.62.1 0.100.02 11.77.5 -5.010.95 81.49.3 0.780.13

Mist(S) 10.92.0 -1.630.07 82.61.9 0.890.03 80.02.2 0.470.05 11.42.1 0.110.02 5.05.8 -1.680.56 62.511.4 0.880.11

Phi-4 8.51.7 -3.630.22 84.11.8 0.910.03 80.82.2 0.390.07 14.22.1 0.110.02 15.09.2 -6.520.87 84.79.1 0.800.12
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III: BAS for Evaluating LLM Confidence - Scaling Trends

Larger models tend to achieve higher accuracy and improved confidence reliability

(higher BAS, lower ECE and AURC), although substantial variation remains.

Models with higher accuracy tend to also exhibit more reliable confidence estimates.

Preprint. Under review.
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Figure 2: Relationship between model scale, predictive performance, and confidence relia-
bility. Top: Model size vs. accuracy and reliability metrics. Larger models tend to achieve
higher accuracy and improved confidence reliability (higher BAS, lower ECE and AURC),
although substantial variation remains across models. Bottom: Accuracy vs. reliability met-
rics. Models with higher accuracy tend to also exhibit more reliable confidence estimates.

direct elicitation. While self-reflection improves ECE compared to direct elicitation, it yields
mixed results in terms of BAS. In particular, combining it with top-k (top-k + self-reflection)
consistently degrades BAS compared to top-k alone. From a practical perspective, top-k is
particularly appealing: it requires only a single forward pass, unlike self-reflection methods
which require a two-step prompting procedure.

Takeaway. Confidence elicitation strongly affects reliability: simple strategies such as
top-k can substantially reduce overconfidence and improve calibration, without increasing
inference cost or significantly affecting model accuracy.

4.4 Effect of Post-hoc Calibration

We next study post-hoc calibration based on a validation set as a practical mechanism for
improving confidence reliability. Table 4 reports BAS and ECE before and after applying
isotonic regression on SimpleQA, for a subset of five representative models.

As previously observed, raw confidence estimates are overconfident, leading to high ECE
and substantially negative BAS across models. After calibration, ECE decreases dramatically,
typically from 60-90% to low single digits, indicating that reported confidence becomes
better aligned with empirical accuracy. BAS also improves substantially, often shifting from
strongly negative values to near-zero. For example, Llama-3.3-70B improves from -2.97 to
0.02, whereas GPT-4o-mini improves from -3.86 to 0.001. We further analyze sensitivity to
the validation set size for GPT-oss-120B in Table A2, finding that most gains already emerge
with relatively small validation sets. These results suggest that post-hoc calibration can
improve confidence reliability with limited additional data, although its effectiveness in
practice will depend on how well the validation set reflects the deployment setting.

Takeaway. Post-hoc calibration is a simple option that can substantially improve confidence
reliability by reducing overconfidence, and may provide meaningful gains in practice even
with relatively small validation sets.

4.5 Comparison of BAS with Existing Metrics

We first analyze how BAS differs from the standard reliability metrics ECE and AURC.
Figure A1 shows the relationship between BAS and these metrics across all model-dataset

8
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III: BAS for Evaluating LLM Confidence - Confidence Elicitation

We evaluate four different methods to elicit confidence values s ∈ [0, 1) from LLMs:

• Direct Elicitation: Produce both the answer and confidence estimate in a single response.

• Self-Reflection: Separate generation and confidence estimation into two distinct steps.

• Top-k: Produce k candidate answers with associated probabilities in a single response.

• Top-k + Self-Reflection: Combine both techniques.

Top-k consistently yields the highest BAS on SimpleQA across representative models.

Preprint. Under review.

Model Direct Elicitation Self-Reflection Top-k Top-k + Self-Reflection

GPT-4o-mini −3.86 ± 0.21 −0.94 ± 0.09 −0.42 ± 0.02 −0.91 ± 0.14
GPT-oss-120B −0.66 ± 0.04 −0.61 ± 0.05 −0.22 ± 0.02 −0.31 ± 0.03
Grok-3-Mini −0.86 ± 0.07 −0.92 ± 0.08 −0.50 ± 0.05 −0.58 ± 0.07
Llama-3.3-70B −2.97 ± 0.23 −2.05 ± 0.21 −0.25 ± 0.06 −0.54 ± 0.11
Phi-4 −3.63 ± 0.21 −3.60 ± 0.22 −0.61 ± 0.08 −2.23 ± 0.20

Table 3: Comparison of BAS across four confidence elicitation methods on SimpleQA. Top-k
consistently yields the highest BAS across a subset of five representative models.

BAS ↑ ECE (%) ↓
Model Before After Before After

GPT-4o-mini −3.86 ± 0.21 0.001 ± 0.001 88.6 ± 1.4 3.6 ± 1.3
GPT-oss-120B −0.66 ± 0.04 −0.000 ± 0.006 64.2 ± 1.8 6.0 ± 1.4
Grok-3-Mini −0.88 ± 0.07 0.026 ± 0.008 60.7 ± 2.7 1.7 ± 1.7
Llama-3.3-70B −2.97 ± 0.23 0.024 ± 0.007 68.1 ± 2.6 1.5 ± 1.7
Phi-4 −3.63 ± 0.21 0.004 ± 0.001 84.1 ± 1.8 1.8 ± 1.4

Table 4: Effect of post-hoc calibration via isotonic regression on SimpleQA. Calibration
substantially reduces ECE and improves BAS across a subset of five representative models.

pairs. While BAS is generally correlated with both ECE and AURC, we observe notable
deviations. In particular, similar ECE can be achieved with substantially different BAS.

For example, on AIME, Llama 3.3 and Mistral (M) achieve similar ECE (52.8% and 54.8%,
Table 2), but differ substantially in BAS (-3.81 vs. -1.42). In this case, AURC also differs
(0.82 vs. 0.50), indicating that both ranking and confidence magnitude contribute to the
discrepancy in decision-level reliability. However, similar divergences appear even when
AURC is nearly identical. On SimpleQA, Llama 3.3 and Mistral (M) achieve nearly identical
ECE (68.1% and 68.8%) and AURC (0.75 and 0.74), yet exhibit substantially different BAS (-
2.97 vs. -1.26). These differences can be explained by the distribution of confidence values, as
shown in Figure A2. While both Llama 3.3 and Mistral (M) assign high confidence to many
predictions, Llama 3.3 exhibits a stronger concentration of incorrect predictions at very high
confidence (near s ≈ 1). These highly overconfident errors contribute disproportionately to
BAS due to its logarithmic penalty, while having only a limited effect on ECE. As a result,
models with similar ECE (and even similar AURC) can exhibit substantially different BAS
when their confidence distributions differ in the tail behavior.

Next, we compare BAS with the proper scoring rule log loss. While BAS structurally differs
from log loss by imposing an asymmetric penalty that strongly prioritizes avoiding over-
confident errors, Figure A3 shows that they are highly correlated across model-dataset pairs
in practice. This can also be explained by the confidence distribution (Figure A2): since
modern LLMs are much more prone to overconfidence than underconfidence, both BAS and
log loss are dominated by the logarithmic penalty ln(1 − s) on highly confident errors in
our evaluation. Nevertheless, the structural difference remains, enabling BAS to distinguish
between models that trade off overconfidence with underconfidence (Appendix C.2). This
asymmetry is well motivated from a decision-theoretic perspective, where overly conserva-
tive but safe behavior induced by underconfidence is often preferable to high-confidence
errors.

Takeaway. ECE and AURC capture complementary but incomplete aspects of model
confidence, whereas BAS provides additional insight by identifying highly overconfident
errors that dominate decision-level risk, and by distinguishing models that differ in how
they trade off overconfidence and underconfidence.

5 Related Works

Selective prediction and abstention. Selective prediction, or a model’s ability to reject
uncertain inputs, studies the trade-off between accuracy and coverage (Chow, 2003; El-
Yaniv et al., 2010; Geifman & El-Yaniv, 2017). Recent work extends this to LLMs and QA
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III: BAS for Evaluating LLM Confidence - Main Takeaways

(1/5) Even frontier models may fail to provide reliable confidence in challenging settings.

(2/5) Confidence reliability is task-dependent: models can accurately estimate their confidence

on some tasks while exhibiting severe overconfidence on others.

(3/5) Confidence reliability generally improves both with model scale and performance: larger

and more accurate models tend to also provide more reliable confidence estimates.

(4/5) Models with similar calibration (ECE) or ranking (AURC) can exhibit highly different

decision-level reliability under BAS, driven by rare but highly overconfident errors.

(5/5) Confidence elicitation strongly affects reliability: simple strategies such as top-k can

substantially reduce overconfidence and improve calibration in certain settings.
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