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Abstract. Recent foundation models for histopathology have created
a rapidly expanding set of feature extractors (FEs), yet selecting an
appropriate FE for a new whole-slide image (WSI) dataset typically
requires repeatedly training Multiple Instance Learning (MIL) models,
leading to substantial computational overhead. We propose an efficient
pre-evaluation framework that ranks candidate FEs without MIL train-
ing. Existing representation evaluation metrics are largely designed for
single-image inputs and fail to capture the bag-of-instances nature and
spatial heterogeneity of WSIs. To address this mismatch, we introduce
two WSI-aware metrics—SAM-Cluster and SAM-LP—that incorporate
histological structure by leveraging the Segment Anything Model (SAM)
to infer region-level organization and evaluate representation quality at
the bag level. Experiments on eight public WSI datasets show that our
metrics exhibit high rank correlation with the downstream performance
of fully trained MIL models, enabling reliable FE selection at a fraction of
the usual cost. Code is available at https://github.com/juhyeon-ai/WSI-
FE-Selection.git

Keywords: Whole Slide Imaging - Multiple Instance Learning - Fea-
ture Extractor Selection - Segment Anything Model (SAM) - Foundation
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1 Introduction

Whole Slide Image (WSI)-based computational pathology [3] has become a core
technology for cancer diagnosis and prognosis. To process gigapixel-level im-
ages, the Multiple Instance Learning (MIL) framework [10,21] is the standard
approach. MIL partitions a single slide into thousands of patches (instances) to
predict a slide-level (bag) label. Here, the Feature Extractor (FE) and the Aggre-
gator form the two fundamental pillars determining overall model performance.

Recently, foundation models tailored for pathology imaging have rapidly pro-
liferated. With public models like Virchow [29], UNI [4], and CONCH [16],
researchers can leverage diverse FE options. However, previous studies have
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Fig. 1. Performance comparison of FEs across MIL pipelines. (a) Performance of vari-
ous FEs on the Camelyon16 dataset. (b) The highest-performing FE for each dataset.

predominantly focused on Aggregator architectures, leaving the impact of FE
selection underexplored.

Through extensive preliminary experiments evaluating 10 foundation models
and 9 MIL aggregators across 8 diverse datasets (detailed in Sec. 3.1), we found
that performance varies significantly depending on the FE. For instance, on
Camelyonl6 (Fig. 1 (a)), an ImageNet-pretrained ResNet50 yielded 76.59% accu-
racy, whereas Virchow?2 achieved 97.98%—a 20+ percentage point improvement.
Furthermore, Fig. 1 (b) shows no universally optimal FE across all datasets:
Virchow?2 performed best on Camelyon16, Conch-vl on BRACS, and UNI-v1 on
PANDA. This result implies researchers must undergo costly trial-and-error to
identify the optimal model per cohort. For instance, evaluating 10 FEs across
9 aggregators with 5 seeds requires 450 full MIL training runs per dataset—a
prohibitive overhead that scales linearly with both the number of candidates and
dataset size.

Dedicated methods for FE selection are absent in computational pathology.
Existing pre-tuning evaluation metrics from general computer vision assume
single-image inputs, failing to capture unique WSI properties. Supervised trans-
ferability metrics like LogME [27] and Linear Probing [13] require matching
features with labels. In a MIL context, this requirement necessitates aggregat-
ing instance-level features (e.g., via Mean pooling) to match bag-level labels.
This naive aggregation causes signal dilution, where sparse tumor features are
overwhelmed by abundant normal patches. Conversely, unsupervised metrics like
Self-Cluster [23] evaluate embedding quality without labels, avoiding dilution.
However, by treating patches as independent and identically distributed (i.i.d.)
samples, they disregard critical spatial heterogeneity and histological structures
(e.g., tumor microenvironment). Thus, naively applying general vision metrics
to WSIs is suboptimal.
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(a) Original WSI (b) Pathologist Annotation

Fig. 2. Structural analysis of a colorectal WSI patch. (a) Original WSI. (b) Patholo-
gist’s annotation of a Tubulovillous Adenoma. (c) Zero-shot segmentation masks gen-
erated by SAM.

To overcome these limitations, we propose a structure-aware FE evaluation
framework utilizing the Segment Anything Model (SAM) [12]. While SAM lacks
specific medical semantic knowledge (e.g., identifying a Tubulovillous Adenoma),
its zero-shot segmentation effectively captures inherent morphological bound-
aries that closely align with expert pathologist annotations (Fig. 2). Recent stud-
ies, such as SAM-MIL [6], also confirm that incorporating SAM’s visual struc-
tural priors significantly enhances MIL representations. Leveraging this insight,
we redesign existing metrics into SAM-Cluster and SAM-Linear Probing (SAM-
LP) to evaluate intra-region consistency and inter-region separability based on
meaningful regions of interest. Across eight cancer datasets, our method demon-
strated high Spearman rank correlations with the downstream performance of
fully trained MIL models. We confirmed that reliable FE selection is achievable
using only a data subset. This capability elevates FE selection to a core design
phase in computational pathology pipelines, significantly enhancing efficiency.

2 Methods

We formulate a ‘Suitability Score’ to quantitatively evaluate candidate Feature
Extractor (FE) compatibility with a target WSI dataset prior to MIL training.
Instead of exhaustive downstream training, our framework computes this score
using pre-extracted features from a small randomly sampled WSI subset. For-
mally, given candidate FEs @, we seek the optimal ¢* maximizing the metric
(Fig. 3 (a)): .

¢* = arg Iggg Smetric(9) (1)

2.1 Preliminaries and Baseline Metrics

Let the ¢-th WSI be a bag of patches X; = {z; ; }]K:1 with label Y; € {1,...,C}.
The FE ¢ : X — R? maps each patch to an embedding 2; ;, and the Aggregator
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Fig. 3. Overview of the proposed structure-aware FE pre-evaluation framework. (a)
The overall pipeline for ranking candidate FEs without full MIL training. (b) SAM-
Cluster for evaluating unsupervised feature separability based on regional cohesion. (c)
SAM-LP for assessing supervised task alignment via EM-based prototype optimization.

A predicts Y; = A({z,}). An optimal FE should exhibit specific properties
depending on label availability:

1. Unsupervised Settings. (1) Feature Richness: The feature space must not
collapse. We use Effective Dimension (principal components explaining 99% vari-
ance) and NESum [8] (isotropy). (2) Feature Separability: Patches must be dis-
tinguishable. We use Self-Cluster (SC) [23] measuring global patch clustering.
(Sec. 2.2 adapts this global metric to WSI structures via SAM-Cluster.)

2. Supervised Settings. To evaluate diagnostic task alignment, we utilize two
baselines. Linear Probing (LP) [13] trains a linear classifier on the slide-level
mean-pooled embedding z;. LogME [27] assesses feature-label compatibility by
estimating maximum label evidence without gradient optimization. (Sec. 2.3
details how our approach mitigates the signal dilution limiting these methods.)

2.2 SAM-Cluster: Structure-Aware Unsupervised Separability

Global statistics-based separability (SC) inadequately captures WSI spatial het-
erogeneity. An ideal FE should maintain high consistency within the same tissue
structure while establishing clear inter-tissue boundaries. To quantify this spa-
tial consistency, we propose SAM-Cluster, utilizing Segment Anything Model
(SAM) masks M = {M}} as pseudo-structural labels (Fig. 3 (b)).

To mitigate SAM’s potential over-segmentation, we introduce a relaxed sep-
arability measurement excluding mask pairs £ with high centroid similarity. Let
cx = |Z<—1,€)| > .z 2 be the mean vector of Ly-normalized patch embeddings
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Z®) in mask My. Given a threshold 7, the excluded set is & = {(k,1) | ¢} ¢; > 7}.
The intra-region cohesion (S;nirq) and relaxed inter-region separability (Sinter)
are:

Sintra = Ex |:Ezi,z_7'€Z<k) [(ZZTZJ)z]:| (2>

Sinter = E(k,l)¢5 |:Ezi€Z(k),szZ(l) [(Zz—rz])2}:| (3)

The SAM-Cluster Suitability Score is defined below, where higher values indicate
superior preservation of histological boundaries:

Sin er
SsAM-Cluster (¢) = 1 — F— : (4)
intra

2.3 SAM-LP: Structure-Aware Supervised Alignment

Conventional mean-pooling-based LP suffers from Signal Dilution: diagnostic
signals from small regions (e.g., micrometastases) are overwhelmed by extensive
background tissue. We propose SAM-Linear Probing (SAM-LP) to evaluate
label alignment using structure-aware prototypes (Fig. 3 (c)).

Let ¢; ;, be the Lo-normalized mask centroid of slide 4. At iteration ¢, the slide
(t)

%

is reconstructed as a weighted sum of structural prototypes:

:Z:Z(t) = Za% Cik, st Za% =1 (5)
k k

embedding Z

Initial weights ozg)k? are proportional to mask size. Since not all structures are

diagnostically significant, we apply a single Expectation-Maximization (EM) up-
date to refine the weights based on label relevance. In the M-Step, fixing the
aggregated embedding 22@, we update the linear classifier parameters 89 to
maximize the average log-likelihood:

N
1
® — 1 58,
6 Arg max ;,1 log P(Y; | 2,73 0) (6)

In the E-Step, we update the weights based on each prototype’s contribution
to predicting Y;, where 3 controls attention sharpness:

(t+1) ag?k) - exp (ﬁ log P(Y; | ci7k;9(t)))
ik Zj ag?j) - exp (ﬁ log P(Y; | ¢ 5; 9(15)))

(7)

Following this update, the final Suitability Score evaluates downstream task
alignment using the optimized embeddings Z; and parameters 6*:

N
]- ~% *
SsanLp(9) = - D log P(Yi | 2167 8)
i=1
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3 Experiments

3.1 Experimental Setup

Ground Truth Definition. To establish a robust ‘Ground Truth’ (GT) for
Feature Extractor (FE) suitability, we conducted exhaustive training. For each
dataset, we fully trained 90 distinct configurations: 10 foundation models (Conch
v1/v1.5 [16], Hibou-b [18], Lunit-vit [11], Musk [25], Phikon [7], ResNet [9], UNI
v1/v2 [4], Virchow?2 [29]) paired with 9 MIL aggregators (Mean pooling, AB-
MIL [10], DS-MIL [14], CLAM [17], Trans-MIL [21], DTFD-MIL [28], WiKG [15],
RRT-MIL [22], ILRA [26]). To ensure statistical reliability and minimize vari-
ance, every configuration was evaluated across five random seeds. The final GT
ranking of an FE was determined by its average downstream performance across
these runs.

Evaluation Protocol. The primary objective was to validate our pre-evaluation
metrics. We assessed their reliability using Spearman’s rank correlation (p)
against the established GT rankings. For computational efficiency during metric
evaluation, we randomly sampled subsets of 30 WSIs per dataset, repeating the
process five times to maintain statistical stability via the Central Limit Theo-
rem. Due to its significantly smaller image sizes, the PANDA dataset required
sampling 20 times as many instances.

Datasets and Generalizability. To rigorously verify cross-domain general-
izability, we benchmarked performance across eight public WSI datasets repre-
senting diverse organs and cancer types. Downstream performance was evaluated
using Balanced Accuracy for seven datasets (Camelyonl6 [5], BRACS [1], UBC-
OCEAN |[20], Histai-skin-b1l [19], TCGA-GLIOMA, TCGA-NSCLC, TCGA-
RCC [24]). For PANDA [2], which involves ordinal prostate cancer grading, we
utilized Quadratic Weighted Kappa (QWK).

3.2 Rank Correlation with Downstream MIL Performance

Table 1 presents the rank correlation between our methods and baselines, in-
cluding four label-free unsupervised metrics and three supervised metrics.
Comparison of Unsupervised Metrics. SAM-Cluster averaged 0.5348, out-
performing Self-Cluster (0.4364) and NESum (0.4439). Notably, it consistently
surpassed Self-Cluster across all 8 datasets (p = 0.0078, Wilcoxon signed-rank
test). Higher correlations on structurally complex datasets (e.g., Camelyonl6,
BRACS, Histai-skin-b1) suggest that SAM-based consistency determines FE
quality better than global statistics.

Comparison of Supervised Metrics. SAM-LP achieved the highest average
predictive performance (0.6258), outperforming Linear Probing (0.5485). Al-
though the overall improvement was not statistically significant (p = 0.125),
a clear complexity-dependent trend was observed. On the structurally simplest
datasets, PANDA (201 patches, 19.7 SAM regions) and TCGA-GLIOMA (2,994
patches, 53.2 SAM regions), LP slightly outperformed SAM-LP, while both
methods achieved identical performance on UBC-OCEAN (3,175 patches, 70.5
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Table 1. Spearman’s rank correlation coefficients (p) between FE evaluation metrics
and ground-truth MIL performance across 8 datasets. Bold indicates the best perfor-
mance in each row.

Unsupervised Metrics Supervised Metrics

Dataset Eff. Dim NESum Self-Cluster SAM-Cluster|LogME Linear Prob. SAM-LP

8] [23] (Ours) 127] [13] (Ours)
Camelyonl6 0.1030 0.3576  0.3697 0.3939 -0.1903  0.3091 0.3212
BRACS -0.3939 0.0909  0.1273 0.3212 -0.2024  0.2364 0.3697
UBC-OCEAN 0.2242 0.6485  0.6121 0.6727 0.1806  0.8303 0.8303
TCGA-GLIOMA| 0.3818 0.3455  0.1879 0.3697 0.5103  0.4545 0.4424
TCGA-NSCLC | -0.1636 0.4061  0.3212 0.4909 0.1976 0.6364 0.9515
TCGA-RCC 0.0303 0.5273  0.6485 0.7212 0.4836 0.6364 0.7939
Histai-skin-b1 0.3697 0.5879  0.6606 0.7091 0.1515 0.6727 0.7091
PANDA 0.5030 0.5879  0.5636 0.6000 0.7430  0.6121 0.5879
Average 0.1318 0.4439  0.4364 0.5348 0.2342 0.5485 0.6258

SAM regions). In contrast, SAM-LP consistently outperformed LP on all struc-
turally more complex datasets, including BRACS (3,618 patches, 128.6 SAM
regions), TCGA-NSCLC (3,834 patches, 90.3 SAM regions), and TCGA-RCC
(4,000 patches, 71.9 SAM regions), where gains were substantial (e.g., TCGA-
NSCLC: 0.6364 — 0.9515). This progressive transition suggests that the benefit
of structure-aware weighting increases with slide structural complexity.
Ground-Truth Robustness and Aggregator Bias. To verify aggregator-
agnostic transferability, we analyzed the correlation between the averaged Ground
Truth (GT) ranking and individual aggregator rankings. The averaged GT showed
strong correlations with individual aggregator rankings (mean p = 0.8205) and
the best-performing aggregator for each dataset (p = 0.9299), providing a rep-
resentative estimate of FE suitability rather than reflecting specific aggregator
bias. When stratified by aggregator, SAM-LP achieved the highest correlation
with Mean pooling (0.6078) and RRT-MIL (0.5955), yielding an average corre-
lation of 0.5688 + 0.0226 across all nine aggregators. As expected, the linear-
probing-based formulation of SAM-LP aligned most closely with Mean pooling.
Meanwhile, SAM-Cluster achieved its highest correlation with CLAM (0.5260),
although no clear architecture-specific pattern was observed.

3.3 Computational Efficiency and Robustness to Sample Size

Computational Efficiency. Exhaustive selection extracts features and trains
M aggregators across S seeds for every ¢ € @ over N slides, costing Cexhaustive =
N x |®] x (K x Crg + M X Cyggregator) (where K is average patches/WSI).
Our framework uses n < N slides without aggregator training, costing Coyups =
n X [|®] x (K x Cpg + a) + Csam| (o is metric overhead). On Camelyonl16 (RTX
A6000), typical extraction (K x Cpg) takes ~ 343 TFLOPs/WSI, while SAM
(Csam) takes only 2.98 TFLOPs (< 1% of extraction), and « takes just 3.7
MFLOPs. Since SAM runs once per slide (O(1) w.r.t. |®|), our cost scales by n
rather than N, yielding a reduction ratio ~ n/N.
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Fig. 4. Impact of sample size on rank correlation coefficients in (a) unsupervised and
(b) supervised settings. (¢) Top-k accuracy comparison for FE selection. Hyperparam-
eter sensitivity analysis demonstrating the robustness of (d) SAM-Cluster to 7 and (e)
SAM-LP to S.

Robustness to Sample Size. For this efficiency to be practical, metrics must
remain reliable on small subsets. We analyzed rank correlation across sample
sizes n € [5,100]. In the unsupervised setting (Fig. 4 (a)), SAM-Cluster out-
performed all baselines even at n = 5. In the supervised setting (Fig. 4 (b)),
LP required n > 80 to peak, whereas SAM-LP approached its maximum at
n = 30. SAM-LP’s peak correlation (p = 0.6576) exceeded LP (p = 0.6167),
guaranteeing higher reliability with substantially fewer slides.

3.4 Top-k Selection Analysis

The Top-k analysis (Fig. 4 (¢)) demonstrates how this pre-evaluation reduces
search costs in large-scale pipelines. Unsupervised SAM-Cluster exhibited stable
screening capability (62.5%) even within a narrow Top-2 space. In the supervised
setting, SAM-LP consistently included the optimal FE (100% hit rate) across
all datasets when exploring the top 5 candidates.

3.5 Hyperparameter Sensitivity Analysis

We analyzed the sensitivity of our framework to key hyperparameters 7 (Eq. (3))
and S (Eq. (7)) (Fig. 4 (d), (e)). Both metrics demonstrated high stability across
broad parameter ranges, confirming that our methods do not require exhaustive
dataset-specific tuning. We empirically set the similarity threshold 7 = 0.95 for
SAM-Cluster and attention sharpness 8 = 5 for SAM-LP across all experiments.
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4 Conclusion

This study pioneers preemptive FE evaluation for WSI datasets without pro-
hibitively expensive full MIL training. We adapted representation metrics from
general computer vision to the WSI context, systematizing baselines for both un-
supervised and supervised settings. To overcome the spatial limitations of global
statistical metrics, we proposed a structure-aware evaluation framework (SAM-
Cluster, SAM-LP) leveraging SAM. Extensive experiments across 8 datasets
demonstrated our metrics achieved the highest rank correlation with downstream
MIL performance using minimal slide samples. Consequently, this research ele-
vates FE selection from a costly trial-and-error phase to a theoretically justified
core design step in large-scale computational pathology.
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