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Abstract—Computational pathology is undergoing a significant
transformation with the emergence of foundation models (FMs).
These models leverage self-supervised learning on extensive
histopathological datasets with the aim of extracting robust
feature representations. FMs hold potential to automate advanced
diagnostic pipelines, encompassing segmentation, classification,
and biomarker discovery. This study evaluates the effectiveness
of embeddings from four SOTA FMs (UNI, UNI2, Phikon,
and Phikon2) for one-versus-all glomerular lesion classification.
We propose here a comparative framework in which a multi-
layer perceptron (MLP) and a support vector machine (SVM)
— each trained exclusively on FM-derived embeddings — are
benchmarked against EfficientNet, a fully supervised end-to-end
image classifier. By varying the number of cross-validation folds
(from k=2, representing minimal training data, to k=5, repre-
senting maximal training data), on a proprietary histopathology
dataset, we assess classifier robustness under differing data
regimes. Our results demonstrate that, even without any FM fine-
tuning, the UNI/SVM pipeline outperforms the EfficientNet by
3.4 percentage points in average F1-score, considering all values
of k.

I. INTRODUCTION

The glomerulus is a renal structure capable of filtering
blood [1]. Due to its primary filtering nature in the kidney,
pathologists always check its integrity during the diagnosis
process to identify kidney diseases and systemic conditions
with the potential to affect the kidney [2], making it a
particularly reliable diagnostic indicator.

Diagnosing glomerular lesions is often a laborious and
specialized task that relies on a histological examination per-
formed by experienced professionals, who do not always reach
a consensus [3]. Thus, researchers started to develop intelligent
systems that provide support in the acquisition, management,
and interpretation of pathology information, which culminated
in the storage of a large amount of pathological data digitally
[3]. This led to an increase in the use of image feature
extraction and machine learning classification approaches,
such as KNN techniques [4] and CNN-based architectures:
InceptionV3 [5], Xception [6], VGG-19 [2], ResNet50 [7]
and other proposed architectures [2], [8], [9]. Indeed, most
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existing approaches rely on supervised training, which requires
a specialized dataset and a large amount of labeled data.

Recently, foundation models, large models pre-trained on
various datasets without task-specific labels, offer a promising
alternative by learning general visual representations that can
be transferred to downstream applications with minimal to
no fine-tuning [10]. Also, researchers have already developed
FMs specialized in histopathological data [11]-[13]. Although
some combine convolutional and transformer architectures to
capture hierarchical tissue patterns [14], most are based on a
Vision Transformer (ViT) network [15]. Overall, these models
have shown promising results in slide embedding and tumor
classification [16], but their utility for fine-grained glomerulus
lesion classification remains unexplored.

In this study, we investigated whether foundation models
can achieve competitive performance without fine-tuning. The
methodology involved using embeddings from four state-of-
the-art FMs (UNI, UNI2, Phikon, and PhikonV2) within a
glomerular lesion classification pipeline. These embeddings
were used to train MLP and SVM classifiers on a proprietary
dataset containing 7,566 glomerulus images across six le-
sion classes. Compared to an EfficientNet-BO baseline model,
SVM, using embeddings from UNI and UNI2, demonstrated
superior performance, achieving an average improvement of
3.4 Fl-score percentage points over the baseline and greater
consistency in results (indicated by generally smaller standard
deviations). This finding validates the central hypothesis that
the rich, generalizable features learned by large-scale FMs
are highly discriminative and relevant for glomerular lesion
classification, even without extensive fine-tuning.

II. RELATED WORK

Glomerular lesions impair kidney filtration and are critical
indicators of renal disease. The variability in morphology and
staining remains a major challenge for automated classification
[8].

Early approaches relied on handcrafted features and classi-
cal machine learning. Barros et al. [4], for example, combined
image pre-processing with a k-nearest neighbor classifier to
identify hypercellularity lesions, reaching 88.3% precision but
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TABLE I
SUMMARY OF THE FOUNDATION MODELS USED IN THIS STUDY, INCLUDING ARCHITECTURE, PRE-TRAINING DATASET SIZE, ACCOMPLISHED TASKS,
ROBUSTNESS INDEX, AND AVAILABILITY OF MODEL WEIGHTS.

. . Robustness Weight
Model PT dataset size Backbone | Primary tasks index [17] availability
>100M patches, . General pathological image interpretation, disease Restricted
UNL 1] 100K WSIs VIT-L/16 detection, diagnosis, transplant assessment 0.88 access
>200M tiles, 350K . ROI/slide classification, segmentation, feature Restricted
UNI2 [11] H&E/IHC slides VIT-H/14 extraction 0.93 access
Phikon [12] | ~460M tiles (public) | ViT-B/16 Zszlt;‘gfs extractor for biomarkers, histological 0.84 Public
PhikonV2 [13] 450M images VITL/16 Featqre e)_(tractor for blqmarkers, ROI/slide 0.74 Public
(public) classification, segmentation

remaining limited by feature design. Deep learning meth-
ods soon advanced the field: Chagas et al. [8] proposed
a hybrid CNN-SVM framework that achieved near-perfect
binary classification (F1 = 99.6%) and competitive multi-class
performance (F1 = 82%), demonstrating the linear separability
of CNN features and surpassing both traditional pipelines and
state-of-the-art CNNs (Xception, ResNet50, InceptionV3).

Further, Barros et al. [2] introduced PodNet for podocy-
topathy detection, leveraging VGG19 feature extraction across
multiple color spaces (RGB, HED, HDX). The approach
achieved an Fl-score of 90.9%, highlighting the benefit of
complementary representations for rare glomerular diseases.

Beyond nephropathology, foundation models (FMs) have
shown promise in medical image analysis. Li et al. [18]
benchmarked embeddings from MedImagelnsight for tube
placement in radiographs, where SVMs trained on FM features
reached an mAUC of 93.8%. Similarly, Enda et al. [19]
demonstrated that linear probing with the UNI model —
specialized for pathology images — outperformed ImageNet-
pretrained ViTs, CTransPath [14], and full fine-tuning for
brain tumor classification, underscoring the adaptability of
pathology-focused FMs.

Sclerosis Normal

Fig. 1. Sample images from our dataset. Blank cells indicate class—staining
combinations not available in the collection.

III. FMS FOR HISTOPATHOLOGY

The existence of a plethora of FMs within computational
pathology is primarily attributed to the inherent complexity of
digital pathological data and the broad spectrum of clinical and
research applications sought within this field [20]. Histopatho-
logical images, particularly whole slide images (WSIs), are
inherently complex due to their gigapixel resolution, variability
in staining and tissue preparation, analysis across multiple
magnifications, and contextual fragmentation introduced by
tiling. Addressing these complexities demands models with
architectural flexibility and processing strategies capable of
handling heterogeneous data, effectively [2], [9], [16], [21].

Computer vision FMs incorporate a wide range of neural
architectures, including ViTs [15], CNNs [22], Swin Trans-
formers [23], and others [14]. The primary strategy adopted
to train these models is supervised learning frameworks, such
as DINO [24], DINOv2 [25], iBot [26], SimCLR [27], MoCo
[28], CLIP [29], and CoCa [30]. These frameworks emphasize
different aspects of representation learning, aiming to improve
model robustness, scalability, and generalization.

FMs also vary substantially in scale, both in terms of
model capacity (number of parameters) and the diversity and
size of their pretraining datasets, where in the context of
histopathology, ranges from thousands to millions of WSIs
or tiles [12], [16], [20]. Computational pathology FMs are
developed with adaptability in mind, targeting a broad spec-
trum of downstream tasks. These include patch-level and slide-
level classification (e.g., pan-cancer detection and subtyping),
segmentation and detection of cells or lesions, content-based
image retrieval, report generation, visual question answering,
and predictive tasks such as biomarker status estimation or
prognostic modeling [11], [31].

Particularly in our work, the FMs selected — UNI [11], UNI2
[11], Phikon [12], and PhikonV2 [13] — represent cutting-
edge efforts in developing large-scale and generalizable Al
for histopathology, and based primarily on ViTs. Table I
summarizes the main characteristics of these FMs.

A. UNI and UNI2

UNI was developed by researchers at Harvard Medical
School, constituting a pioneering FM designed specifically to
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Fig. 2. Experimental protocol. (I) Each lesion class was separated one-vs-all and balanced via augmentation, producing six class-specific datasets. (I) Four
foundation models (UNI, UNI2, Phikon, PhikonV2) extracted latent representations, yielding 24 image sets. (III) Consistency was ensured through cross-
validation, contrasting raw histopathology (EfficientNet-B0) with transfer learning (FM+MLP/SVM). (IV) Classifiers were evaluated per lesion class (e.g.,
crescent vs. all) using k-fold cross-validation (k € [2, 5]) to test robustness and generalizability.

interpret pathological images [11]. It is capable of recognizing
disease in both specific regions of interest and gigapixel whole-
slide images. UNI was trained on a dataset, comprising over
100 million tissue patches and more than 100,000 whole-
slide images. Through extensive evaluation, UNI demonstrated
strong performance across 34 diverse diagnostic tasks, in-
cluding various cancer classifications and organ transplant
assessment. UNI2 is a successor to the UNI model, pretrained
on over 200 million image patches derived from more than
350,000 H&E and IHC slides sourced from Mass General
Brigham. It provides precomputed embeddings for widely used
datasets such as TCGA, CPTAC, and PANDA. It supports
region-of-interest (ROI) classification via linear probing and
slide-level classification through multiple instance learning. A
key improvement over its predecessor is a reported robustness
index of 0.93 compared to 0.88 for UNI [17].

B. Phikon and PhikonV2

Phikon is a ViT-based model developed for histological
image analysis, demonstrating strong robustness to confound-
ing factors such as medical center of origin, with a reported
robustness index of 0.84 [17]. PhikonV2 builds on Phikon with
substantial improvements in scale and performance. It is a ViT-
Large architecture with approximately 0.3 billion parameters,
pretrained using self-supervised learning with masked image
modeling and multi-crop loss via the DINOv2 framework. The
model was trained on 450 million histological image patches
from over 100 public cohorts spanning more than 30 cancer
types. PhikonV2 supports various downstream tasks, including
ROI classification, slide-level classification, and segmentation.
It presents lower robustness compared to Phikon (0.74 vs.
0.84).

IV. EXPERIMENTAL ANALYSIS

A. Dataset

As illustrated in Fig. 1, our dataset comprises six glomerular
lesion classes (normal, hypercellularity, membranous, epithe-
lial cell degenerative changes (ECDC), crescentic, and scle-

rotic) captured under multiple staining protocols. To assess
clinical applicability and model generalization, we curated
a proprietary set of 7,566 glomerulus images, each inde-
pendently annotated by four pathologists from two differ-
ent countries. The samples were stained using Hematoxylin
and Eosin (HE), Periodic Acid-Schiff (PAS), Picro-Sirius
Red (PICRO), Azocarmine and Aniline Blue (AZAN), and
Periodic Acid Methenamine Silver (PAMS). Certain lesions
were not stained with every technique, resulting in missing
class—staining combinations.

Employing a non-public image source is a deliberate
methodological choice, as foundation models are typically
pretrained on large-scale, publicly aggregated, or consortium-
specific collections.

B. Evaluation protocol

The central objective of this study is to empirically de-
termine the effectiveness of using embeddings derived from
SOTA FMs in computational pathology. The hypothesis is that
the rich, generalizable features learned and encapsulated in
the pre-trained embeddings of these large-scale FMs can be
effectively leveraged by computationally simpler downstream
classifiers, offering an accurate alternative to training complex
end-to-end models from scratch on limited and task-specific
annotated data.

As illustrated in Fig. 2, we used a multi-step pipeline
designed to compare FMs embeddings’ separability. First
(Fig. 2-I), we rearranged the main dataset in a one-vs-all
configuration, transforming the multiclass task into multiple
binary classification problems. Due to their one-vs-all nature,
these datasets were significantly unbalanced, presenting the
need to balance their classes. After applying a variety of im-
age data augmentation techniques (random vertical/horizontal
flips, affine transforms, gaussian noise/blur, color jitter, coarse
dropout, grid distortion, piece-wise affine transform and op-
tical distortion) to each dataset, we ended up with six dif-
ferent one-vs-all datasets. In the second step (Fig. 2-II),
we introduced our FMs to the pipeline by using each to
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TABLE 11
PER-k AVERAGE F1-SCORE ACHIEVED BY EACH MODEL THROUGH CROSS-VALIDATION. HIGHLIGHTED VALUES WERE CHOSEN BASED ON THE HIGHEST
AVERAGE, THE LOWEST STANDARD DEVIATION (o), AND — FOR CLOSELY COMPETING VALUES — THE LOWEST DISPERSION COEFFICIENT.

SVM MLP

#Folds (k) | Class EfficientNet-B0 UNI UNI2 Phikon PhikonV2 UNT UNI2 Phikon PhikonV2
Hypercellularity 86.120.0% 922F04% | 912%02% | 249E18.2% | 23.4E£19.6% | 89.4£0.9% | 883+0.8% | 424104% | 42.7%03%

Normal 90.941.2% 9384+03% | 933+0.7% | 204+14.6% | 19.9414.7% | 91.240.4% | 92.1+1.0% | 23.0£11.9% | 20.7+13.7%

) Membranous 87.6£0.9% 92940.2% | 91.8402% | 364+0.7% | 363+0.7% | 90.040.3% | 88.7+£0.0% | 36.8+0.7% | 36.4+0.7%
Sclerosis 84.7+1.7% 86.9+£0.0% | 86.1403% | 19.6£0.8% | 13.4+3.4% | 82.2+14% | 80.6£1.5% | 17.14£1.0% | 159+1.2%
Crescent 88.5:£0.8% 91.4+0.3% | 91.1+1.5% | 27.6+£0.1% | 27.4+0.1% | 88.7+1.1% | 88.8+0.6% | 27.8+0.0% | 27.5+0.0%

ECDC 90.9:£0.5% 93.3£0.4% | 933+05% | 161£2.7% | 14.1443% | 89.6+0.6% | 88.840.3% | 20.9+0.0% | 154+2.5%
Hypercellularity 86.4£2.2% 93.4£04% | 929%03% | 31.1£16.7% | 30.2£17.6% | 91.0£1.1% | 90.6£0.2% | 30.8%17.2% | 42.4%0.2%

Normal 92.81.4% 95140.5% | 943+04% | 352+02% | 35.0+0.4% | 92.6+0.3% | 92.2+0.8% | 26.3+£12.0% | 35.140.4%

3 Membranous 88.5+1.1% 94.1+£0.9% | 93.8+03% | 364+1.8% | 363+1.8% | 91.6£1.3% | 92.24£0.9% | 365+1.7% | 36.6+2.0%
Sclerosis 87.542.5% 89.6+1.9% | 89.840.6% | 20.0+3.3% | 12443.0% | 852+2.2% | 83.6+1.6% | 19443.6% | 18.3+3.9%
Crescent 88.7+£1.9% 92.6+1.1% | 923+13% | 27.74£0.6% | 27.440.7% | 90.3+0.5% | 89.7+£1.9% | 27.840.6% | 27.6+0.7%

ECDC 93.7+1.4% 94.540.9% | 94.5+0.8% | 21.0439% | 12.243.8% | 90.0+12% | 91.1405% | 23.542.9% | 18.3+3.4%
Hypercellularity 887E14% | 94.1E1.0% | 93.310.6% | 344E149% | 33.6£159% | O18E1.5% | OLIE13% | 424E1.0% | 33.7E14.6%

Normal 93.3+1.3% 95.540.7% | 94.7404% | 352+0.7% | 35.140.8% | 93.140.4% | 93.0£0.7% | 352+0.7% | 27.8+12.7%

s Membranous 88.5£1.8% 94.8+0.9% | 943+03% | 364+09% | 363+09% | 92.3+1.5% | 92.1£0.2% | 36.8+1.0% | 36.6+0.9%
Sclerosis 87.9:4.8% 90.0+£1.5% | 903+09% | 19.7+23% | 12.3+£3.8% | 86.1+0.8% | 85.4+09% | 17.4+3.6% | 18.1+2.9%
Crescent 89.21.7% 93.14£0.6% | 93.140.8% | 27.8+£0.8% | 27.4+09% | 90.5+0.8% | 90.7£1.0% | 27.9+0.8% | 27.4%1.1%

ECDC 91.743.0% 94.6+1.1% | 945+1.1% | 208+43% | 103£4.4% | 904+1.6% | 90.5+1.9% | 22.3+43% | 19542.7%
Hypercellularity §9.9£09% 941E£12% | 93.6X08% | 43.0£09% | 42.7%0.7% | 9L.0E0.7% | 91.3£1.0% | 29.3%16.1% | 36.0£13.0%

Normal 94.040.9% 9574+1.1% | 953+0.5% | 352+15% | 350£1.7% | 93.6£1.2% | 935+1.0% | 352+1.6% | 35.0£1.6%

5 Membranous 91.14£2.2% 94.9+1.1% | 945409% | 364+1.5% | 363+1.7% | 92.840.6% | 92.5£0.4% | 36.7+14% | 36.5+1.5%
Sclerosis 89.2:2.8% 90.8+1.3% | 9114+13% | 199+5.1% | 12.5+3.4% | 873+0.8% | 86.1+1.7% | 19.0+4.7% | 17.3+3.6%
Crescent 91.0+1.1% 93.6£0.9% | 933+1.0% | 27.8+£1.0% | 27.4+1.0% | 91.0£1.0% | 90.7+1.1% | 27.8+1.0% | 27.6+1.0%

ECDC 93.4+1.1% 94.940.8% | 95.0+0.8% | 20.7+5.1% | 10.7+£3.2% | 90.7+14% | 90.8+13% | 23.3£3.4% | 17.4+4.7%

Avg difference to baseline (A) +0.0pp +3.4pp +3.04pp -61.69pp -64.44pp 0.34pp 0.01pp -61.19pp -61.85pp

TABLE III epochs. Its training is performed with the Adam optimizer

SUMMARY OF COMPUTATIONAL COST AND RUNTIME FOR EACH MODEL.

Model Avg GPU memory (MB) | Prediction time (ms)
EfficientNet-BO 355.9 18.58 £ 3.16
UNI 1,491.0 12.37 + 1.95
UNI2 3,392.0 18.60 £+ 1.04
Phikon 606.6 12.05 4+ 1.23
PhikonV2 1,538.7 14.56 £+ 1.99

generate embeddings of every dataset produced in the previous
step. Repeating this procedure for every dataset and FM, we
concluded this step with 24 sets of embeddings, six produced
by each FM. Finally (Figs. 2-III and -IV), we evaluated
the representativeness of the embeddings produced by each
FM by training two classifiers (MLP and SVM) over them
in a varying k-fold cross-validation fashion, to check the
robustness of the obtained results across an increasing number
of training images (k € [2,5]). The decision to repeat the k-
fold cross-validation step with different values of & derives
from the need to evaluate the robustness of the models as the
number of training images (%) increases and test images (%)
decreases. Repeating this procedure with increasing values of
k gives us important insight in how the models behave when
different amounts of training data are available for the top-
layer training. In our experiments, we varied k for values in the
interval [2, 5], going from 50% to 80% of the dataset dedicated
to training.

For each FM classifier, hyperparameter optimization was
performed using a grid search strategy aimed at maximizing
predictive performance. For the MLP, we employ a compact
architecture with a single hidden layer of 100 ReLU units.
To curb overfitting, we use o = 0.01 weight decay, early
stopping with a 10% validation split, and patience of 10

(constant learning rate, Irj,; = 10~3) over a maximum of 100
iterations, and a convergence tolerance of 10~3. For the SVM
model, a radial basis function (RBF) kernel was used with a
moderately high regularization parameter (C=70.0) in order
to balance model complexity. To improve generalization, the
RBF-kernel bandwidth parameter v was scaled adaptively to
the variance of the input embeddings, given by

1

N Var(X)’ 0

v
where N is the number of features and Var(X) is the variance
of the set containing all training samples.

For a baseline, we used the same training configuration to
finetune an EfficientNet-BO model directly over the images
produced in the first step. It is noteworthy that every model
shares the same folds — each fold with the same images —
during the varying k-fold cross-validation procedure. During
validation, samples derived from augmentation were not in-
cluded in the validation fold; instead, they were confined to
the training folds. This was necessary to assess the classifier’s
performance using original samples only.

C. Result Analysis

As shown in Table II, the SVM classifiers trained on
UNI and UNI2 embeddings significantly outperformed the
EfficientNet-BO baseline, achieving average Fl-score gains
(A) of +3.40 percentage points (UNI+SVM) and +3.05 per-
centage points (UNI2+SVM). The value of A is found as

ke[2z’]: EC(SCZ - bi)

; 2
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Fig. 3. Average Fl-scores per k from k-fold cross-validation on each balanced one-vs-all dataset: (a) fine-tuned EfficientNet-BO, (b) UNI + SVM (best-

performing FM), and (c) UNI2 + SVM (alternative FM).
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Fig. 4. Evaluation of top-performing classifiers using 5-fold cross-validation.

where X (m) is the set of all results achieved by a particular
model m, C' is the set containing all classes ¢ evaluated, B is
the results achieved by the baseline, zf € X(m1) and bj €
X (mg) are the average Fl-scores achieved by a model in k-
fold cross-validation in a c-vs-all setting, for k € [2, 5].

The smaller o values observed for SVM-UNI and SVM-
UNI2 (average of 0.81 and 0.69, respectively) indicate greater
performance consistency and stability across folds, under-
scoring the robustness of their embeddings for glomerular
lesion classification. UNI and UNI2 were explicitly trained
on pathology-oriented datasets, which likely enhances their
ability to capture morphological and textural patterns relevant
to glomeruli. Their stable behavior across classes further sug-
gests that such embeddings generalize well even under class
imbalance and staining variability. In contrast, Phikon and
PhikonV?2 exhibited markedly inferior results across all lesion
classes and folds, with drastic performance drops for both
MLP (A of —-61.19% and —61.85%, respectively) and SVM
(A of =61.69% and —64.44%, respectively). This sharp decline
highlights a potential domain misalignment: although Phikon
models are powerful foundation models trained on very large
and heterogeneous histopathology datasets, their embeddings
may not encode the finer-grained structural cues required
for glomerular lesion discrimination. Another possible factor
is that Phikon’s large-scale pre-training objective, optimized
for broader tissue and slide-level tasks, may overlook the
highly localized and subtle morphological features critical in
nephropathology.

Taken together, these findings emphasize that not all pathol-
ogy foundation models are equally transferable to glomerular
lesion analysis. While UNI and UNI2 demonstrate stable and
accurate performance aligned with task-specific needs, Phikon
and PhikonV2 reveal the limitations of using embeddings from
models not sufficiently tuned to the microanatomical level
of glomeruli. This suggests that selecting, or even adapting,
foundation models must carefully consider the granularity and
domain-specific requirements of the target pathology.

Figure 3 plots the mean F1-score for each lesion class across
varying cross-validation folds (k), comparing the baseline
(Fig. 3a) with the two leading FM+classifier configurations:
UNI+SVM (Fig. 3b) and UNI2+SVM (Fig. 3c). The trends
confirm that embeddings derived from both UNI and UNI2
yield stable classification performance as k increases, in con-
trast to the baseline. For a detailed breakdown, Fig. 4 presents
per-class Fl-scores for our highest-performing models in 5-
fold cross-validation.

Table III average mean GPU memory utilization alongside
average inference latency (ms) per sample. All benchmarks
considered both feature extraction and classification time over
an NVIDIA RTX 4090 (24 GB VRAM), using identical batch
sizes and input resolutions. Models built on UNI embeddings
achieve the lowest latency while limiting memory footprint to
mid-range levels.

V. DISCUSSION AND CONCLUSION REMARKS

The central hypothesis of our study is that foundation
models can achieve competitive performance in glomerular
lesion classification without fine-tuning. Our comparative eval-
uation supports this claim, showing that SVMs leveraging FM-
derived embeddings, particularly from UNI and UNI2, consis-
tently outperform an end-to-end CNN baseline (EfficientNet-
B0). These results validate the role of foundation models as
powerful feature extractors in nephropathology. However, the
substantial variability observed across different FMs highlights
that scale and pretraining scope alone do not guarantee trans-
ferability. Despite their similar training regimes, only UNI and
UNI2 produced embeddings with the robustness and stability
required for our proprietary dataset.

Future work should therefore focus on strategies to enhance
the resilience of foundation models to clinical heterogene-
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ity and out-of-distribution data, such as domain-adaptation
techniques, task-aware fine-tuning, or the integration of more
diverse and pathology-specific pretraining corpora.
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