


 

 

 

 

Figure 3. Image and biomarker quality assessment with Eva. A, Schematic of the quality 
control (QC) prediction tasks, including artifact detection, NIQE-based image quality 
assessment, and biomarker quality evaluation (Methods). All QC tasks were assessed by 
linear probing patch-level Eva embeddings. The right panel shows an example patch predicted 
as low quality, consistent with expert annotations. B, ROC curve and AUC for NIQE prediction 
by Eva. C, Example held-out test regions with predicted patch-level quality. LQ: low quality. D, 
ROC curve and AUC for artifact detection by Eva. E, An example held-out test region with a 
zoomed-in view of a patch with imaging artifacts. Patches labeled “A” in the region have high 
prediction scores for artifact presence. F, ROC curve and AUC (mean ± standard deviation) 
for biomarker quality assessment by Eva, evaluated using 5-fold cross-validation. G, 
Examples of biomarker quality assessment by Eva, with full-region and zoomed-in patch views. 
HQ and LQ denote high-quality and low-quality biomarkers predicted by Eva, respectively. 
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Figure 4. Automated cell type annotation and label transfer with Eva. A, Schematic of the 
cell type classification task. Eva takes a masked cell patch as input, in which only pixels within 
the segmented cell are visible (Methods). The embedding is then used for predictions of cell 
types via linear probing. B, Illustration of cell type annotation with Eva. Cell patches are 
extracted and annotated using Eva for every segmented cell. The predicted labels are visually 
compared with the original expert-annotated cell types. C, Bar plots comparing multi-class 
AUC performance of different foundation models on cell type prediction across 12 datasets of 
diverse tumor types. H&E paired datasets have aligned H&E input. MIF only datasets have 
only MIF input, where UNI is not evaluated. D, Detailed comparison of per cell type F1-scores 
in the UPMC-HNC and Stanford-GC datasets. E, Bar plots comparing multi-class AUC 
performance of cell type label transfer from the Stanford-GC to the UKT-GEJ datasets, under 
zero-shot and few-shot learning settings. Zero-shot learning directly applied the linear probe 
trained on Stanford-GC to UKT-GEJ. Few-shot learning settings included 2%, 4%, 10%, and 
20% of cells sampled from the UKT-GEJ dataset for training the linear probe. 
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Figure 5. Characterizing cell composition and microenvironment class of 
neighborhoods with Eva. A, Schematic of the patch-level (i.e., neighborhood-level) tasks, 
where Eva embeddings of multiplexed image patches (~100 μm) are projected via linear 
probing to assign a microenvironment label or to predict cell composition. B, Visualization of 
microenvironment prediction over an example region with Eva. Predictions were performed on 
patches centered on the labeled microenvironment centroid. The MIF image, the predicted 
microenvironment, and the original microenvironment annotations[35] are shown. C, Bar plots 
comparing multi-class AUC performance of different foundation models on predicting 
microenvironments from head-and-neck cancer (UPMC-HNC, defined for prognosis modeling) 
and liver cancer (MDACC-HCC, defined for immunotherapy response modeling). D, Bar plots 
comparing PCC and MSE performance of different foundation models on predicting cell 
composition. Higher PCC and lower MSE indicate better performance. Similarly, UNI is not 
evaluated on MIF only datasets. E, Schematic of a zero-shot patch image retrieval framework. 
Distances between query and reference image patches are computed as cosine similarity 
between Eva embeddings. F, Comparison of different foundation models via the efficacy of 
image patch retrieval. We assessed whether top-1, top-3, and top-5 similar patches of the 
query patch share the same dominant cell type and report the accuracy metrics (Methods). 
Note that each dataset has ten or more cell type classes. G, Example query patches and their 
top-3 similar patches based on Eva embeddings. MSE and PCC of cell composition, as well 
as their dominant cell types are noted. 
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Figure 6. Modeling case-level clinical tasks with Eva. A, Illustration of the overall workflow 
for case-level tasks. Patches are cropped from a large multi-channel region, and their 
embeddings are aggregated using a multiple instance learning (MIL) approach to form a case-
level embedding for each region. The case-level embedding is then projected via linear 
probing for downstream tasks. B, Model comparison of AUC and F1-scores for predicting lung 
cancer subtypes, evaluated using 5-fold cross-validation. Lung cancer subtypes: 
adenocarcinoma (ADC), large cell carcinoma (LCC), and squamous cell carcinoma (SCC). C, 
Model comparison of the concordance index (C-index) for survival analysis on the UPMC-
HNC dataset, evaluated using 5-fold cross-validation. D, Kaplan–Meier (KM) curve on the 
UPMC-HNC dataset, with patients grouped by Eva-assigned risk scores. The numbers below 
the curve indicate, at each time point, the number of patients remaining at risk in the low-risk 
and high-risk groups. The p-value is calculated using a log-rank test comparing the survival 
distributions between the two groups. E, Model comparison for patient stratification, where 
each task is a binary classification and model performance is evaluated by AUC using 5-fold 
cross-validation. Descriptions of tasks are provided in Methods. H&E paired: datasets that 
have paired H&E input. MIF only: datasets with only MIF input, where UNI, the histopathology 
foundation model, is not included for comparison. F, Attention weights for patient stratification 
using MIL (Methods). MIL employed 8 heads, with the figure showing the 5-th and 6-th heads. 
G, Schematic of the case-level retrieval task, which is based on Eva embeddings aggregated 
from patch-level embeddings using MIL. Distances between query and reference embeddings 
are computed using cosine similarity. H, Model comparison of case-level retrieval using Top-
1 accuracy. “Random” indicates the random baseline, where for each query case, a single 
case is selected at random from the reference set. I, Case studies of case-level retrieval. Each 
panel shows a multi-channel region with metadata describing the region displayed beneath, 
and the first line of the metadata indicates the tumor subtype. The left panel shows the query 
case. The upper right panels show the top two retrieved cases, and the lower right panels 
show two randomly sampled reference cases. Metadata identical to the query case are 
highlighted in bold, and differing metadata are shown in red.  
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