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Abstract4

Pathology foundation models are increasingly deployed as feature extractors for5

medical image analysis, yet their advantage over general-purpose vision models in6

unsupervised settings has not been directly tested. We held the clustering pipeline7

fixed and varied only the backbone across three pretraining regimes on the AML-8

Cytomorphology LMU dataset (17,447 single-cell images, 15 leukaemic cell types):9

ResNet50 (supervised, ImageNet), DINOv2-large (self-supervised, natural images), and10

Virchow2 (self-supervised, 3.1 million pathology whole-slide images). Per-cell uncer-11

tainty scores served as a probe of biological structure. Virchow2 uncertainty differed12

substantially across cell types (Kruskal-Wallis H = 178.2, p = 1.5 × 10−30), with13

transitional myeloid precursors showing higher uncertainty than mature stable types14

(Ω̄ = 0.384 vs. 0.313, p = 4.3 × 10−15). DINOv2 and ResNet50 showed no such pat-15

tern. DINOv2 ranked first on all internal clustering metrics (Silhouette=0.522) yet16

last on biological recovery (ARI=0.033); Virchow2 showed the inverse ordering. Across17

five seeds, Virchow2 clustering accuracy fluctuated widely (ARI=0.016 ± 0.006) while18

its uncertainty structure remained stable, identifying uncertainty as the more reliable19

signal of representation quality.20
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Introduction21

Acute myeloid leukaemia arises when myeloid progenitor cells fail to complete normal differ-22

entiation, accumulating instead as immature blasts in the marrow and peripheral blood[1].23

Morphological examination of stained smears remains central to diagnosis, but the task is24

demanding: a single case can take an experienced haematologist close to an hour, and inter-25

observer disagreement rates of 15–30% have been reported even among specialists[2]. Au-26

tomated analysis is an obvious target for reducing this workload, yet most deep learning27

approaches have relied on large annotated collections that are expensive to assemble[3, 4].28

Annotation-free methods sidestep this requirement by grouping cells according to learned29

visual similarity, but without labels during training there is no guarantee that the groupings30

produced correspond to anything biologically coherent.31

The AML-Cytomorphology LMU dataset[5] provides a useful testbed for this question. Its32

17,447 single-cell images span 15 expert-defined morphological categories; because the labels33

exist but need not be used during training, they can serve as a post-hoc check on whether34

unsupervised groupings track real cell biology. Pathology-specific foundation models such35

as Virchow2[6], UNI[7], and CONCH[8] have shown strong results on supervised pathology36

benchmarks[9], but whether that advantage carries over to unsupervised settings is an open37

question. A large general-purpose model like DINOv2[10], trained on natural images rather38

than slides, might perform comparably if scale matters more than domain.39

To isolate the effect of the backbone, we fixed the clustering pipeline (FuzzyGNN-Clust)40

and tested three extractors: ResNet50[11] as a supervised convolutional baseline, DINOv2-41

large[10] as a large self-supervised general-purpose model, and Virchow2[6] as a pathology-42

domain model. Alongside conventional clustering metrics, we computed per-cell uncertainty43

scores and asked whether they reflect known myeloid differentiation structure — a test ap-44

plicable in genuinely unsupervised scenarios where no labels are available at inference time.45

Virchow2 is the only backbone whose uncertainty aligns with differentiation biology across46

five independent runs (H = 178.2, p = 1.5× 10−30; transitional vs. stable: p = 4.3× 10−15).47
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DINOv2 and ResNet50 produce flat uncertainty profiles across all 15 cell types. DINOv248

ranks first on every internal clustering metric yet last on biological recovery — a complete49

inversion with direct implications for how backbone representations are evaluated in medical50

imaging.51

Results52

Clustering Performance53

Table 1 summarises clustering performance for all three backbones. All permutation tests54

yield p ≈ 0, confirming that clustering exceeds chance for every backbone.55

Table 1: Clustering performance on AML-Cytomorphology LMU (N = 1,577). ARI and
NMI computed post-hoc against 15 expert labels. Best values in bold.

Backbone Pretraining ARI↑ NMI↑ Silhouette↑ DBI↓ CHS↑

ResNet50 ImageNet (supervised) 0.041 0.130 0.380 0.954 1,335
DINOv2 ImageNet (self-sup.) 0.033 0.106 0.522 0.657 5,195
Virchow2 3.1M pathology WSIs 0.113 0.270 0.263 1.459 615

Virchow2 achieves ARI=0.113 at c = 15, a 2.8× improvement over ResNet50 and 3.4×56

over DINOv2. Figure 1 shows the rank reversal between internal and external metrics.57

Metric Dissociation58

The ranking of backbones by internal metrics is the exact inverse of their ranking by external59

metrics:60

Internal: DINOv2 > ResNet50 > Virchow2 (1)

External: Virchow2 > ResNet50 > DINOv2 (2)

Table 2 shows the dominant cell types in each cluster at silhouette-optimal c = 2. DINOv261

groups lymphocytes, segmented neutrophils, and eosinophils together — cells that share62
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Figure 1: Rank reversal between internal and external clustering metrics. Left:
slope graph showing how backbone rankings flip between internal and external evaluation.
Right: metric values per backbone. DINOv2 leads on all internal metrics; Virchow2 leads on
both external metrics.

compact nuclear morphology but belong to entirely different lineages. Virchow2 Cluster 163

shows partial monocytic and myeloid coherence (MOB, MYO, MON), indicating some lineage64

awareness in its representations.65

Table 2: Cluster composition at silhouette-optimal c = 2. Top 3 cell types with counts
shown.
Backbone Cluster 0 Cluster 1 Coherence

ResNet50 EBO(101), MYB(82), MOB(81) EOS(104), MYO(100), NGS(91) Mixed
DINOv2 LYT(118), NGS(105), EOS(101) MMZ(111), MOB(105),

MYB(101)
Mixed

Virchow2 EBO(123), NGS(118), LYT(105) MOB(133), MYO(100), MON(99) Partial

Uncertainty Structure66

Figure 2 shows per-cell-type uncertainty for all three backbones. Table 3 reports Kruskal-67

Wallis statistics.68

Transitional cell types (MYB, PMB, PMO, MYO, MMZ, MOB) carry significantly higher69

Virchow2 uncertainty (Ω̄ = 0.384) than stable mature types (NGS, NGB, LYT, EOS, BAS;70
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Table 3: Kruskal-Wallis uncertainty structure test results.

Backbone KW H KW p Ω range Structure

ResNet50 38.8 3.9× 10−4 0.32–0.46 Weak
DINOv2 31.0 5.6× 10−3 0.25–0.39 Weakest
Virchow2 (1 seed) 167.1 2.7× 10−28 0.30–0.60 Strong
Virchow2 (5 seeds) 178.2 1.5× 10−30 – Confirmed

Ω̄ = 0.313), p = 4.3× 10−15.71

UMAP Visualisation72

Figure 3 shows UMAP projections comparing ground-truth cell types with predicted clusters73

for all three backbones.74

Multi-Seed Reproducibility75

Table 4 reports Virchow2 results across five seeds. ARI varies considerably (0.016± 0.006),76

reflecting sensitivity to GAT initialisation. The uncertainty structure (H ranging 167–178)77

is stable throughout.78

Table 4: Virchow2 multi-seed results (seeds: 42, 123, 256, 512, 1024) at silhouette-
optimal c = 2.

Metric Mean Std

ARI 0.016 0.006
NMI 0.042 0.012
Silhouette 0.583 0.049

Discussion79

Uncertainty as a Differentiation Readout80

Myeloblasts, promyelocytes, myelocytes, metamyelocytes, and monoblasts occupy transi-81

tional positions in the myeloid hierarchy: each shares morphological features with the stage82
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immediately before and after it. For a model trained on pathology material, these cells83

are genuinely ambiguous — not because the model is poorly trained, but because the cells84

themselves sit at biological boundaries. Virchow2 uncertainty reflects this: Ω̄ is consistently85

higher for transitional types than for morphologically stable mature cells across all five seeds.86

ResNet50 and DINOv2 show no such gradient. Given that DINOv2 is the larger model by87

parameter count, the difference cannot be attributed to capacity alone. The more parsimo-88

nious explanation is that exposure to millions of pathology slides during pretraining instilled89

sensitivity to cytological features that natural-image training does not capture. We treat this90

as a hypothesis rather than a conclusion, since confirming it would require targeted probing91

experiments beyond the scope of this study.92

Why DINOv2 Clusters Look Good but Are Not93

With 307 million parameters and a self-distillation objective applied to 142 million pho-94

tographs, DINOv2 is a formidable general-purpose encoder. Its Silhouette score of 0.522 and95

Davies-Bouldin index of 0.657 are the best in this comparison by a wide margin. The clusters96

are tight and well-separated in embedding space. The problem is what they contain: lym-97

phocytes, segmented neutrophils, and eosinophils grouped together on the basis of compact98

nuclear morphology, a visual property that cuts across lineage boundaries. Giemsa staining99

produces colour and texture patterns — nuclear-to-cytoplasmic ratio, granule density, chro-100

matin texture — that carry diagnostic weight in haematology but bear no resemblance to the101

features that dominate natural image datasets. DINOv2’s representations appear to organise102

cells by the wrong visual axes for this domain.103

The Metric Inversion Problem104

The complete reversal of rankings between internal and external metrics is not a marginal105

effect. DINOv2 is first on Silhouette, Davies-Bouldin, and Calinski-Harabasz; it is last on106

ARI and NMI. Virchow2 is last on all three internal metrics and first on both external ones.107
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A practitioner who benchmarks backbone representations using only label-free metrics — as108

is common when labels are unavailable — would select the wrong model for AML analysis.109

Any domain where visual compactness and biological coherence diverge will produce the same110

trap.111

Single-Seed Results Are Unreliable112

Virchow2 with seed 42 gave ARI=0.113. Across five seeds the mean drops to 0.016 with a113

standard deviation of 0.006. The gap between the best single run and the average is large114

enough to change the interpretation of the experiment entirely. The uncertainty structure,115

by contrast, gave Kruskal-Wallis H between 167 and 178 across all five seeds — a range of116

roughly 6% around a stable signal.117

Limitations118

Graph memory constraints forced a stratified subsample of 1,577 images rather than the full119

17,447; results on the complete dataset may differ. Only three backbones were tested. A120

broader comparison including UNI, CONCH, and other recent pathology models[9] would121

clarify whether the pattern observed here generalises across the foundation model landscape.122

The findings are specific to AML cytomorphology; other haematological conditions with123

different differentiation hierarchies may not show the same uncertainty structure. The mech-124

anism linking pathology pretraining to structured uncertainty remains unconfirmed.125

Conclusion126

Three findings emerge from this study. First, Virchow2 uncertainty tracks myeloid differen-127

tiation boundaries in a way that neither DINOv2 nor ResNet50 does, and this pattern holds128

across five independent runs. Second, the backbone that produces the most geometrically129

compact clusters (DINOv2) recovers the least biological structure, while the backbone with130
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the loosest internal geometry (Virchow2) recovers the most — a complete inversion that131

makes internal-only benchmarking unreliable for this type of task. Third, Virchow2 clus-132

tering accuracy is highly seed-dependent whereas its uncertainty structure is not, which has133

practical consequences for how results from single experimental runs should be interpreted.134

Domain-specific pretraining leaves a detectable imprint on how a model distributes un-135

certainty across biologically distinct cell types, and this imprint is more informative than136

standard clustering scores when the goal is biological coherence rather than geometric tidi-137

ness.138
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Methods199

Dataset200

The AML-Cytomorphology LMU collection[5] comprises 17,447 Giemsa-stained peripheral201

blood cell images from 100 AML patients, spanning 15 morphological categories: MYB,202

PMB, PMO, MYO, MMZ, NGB, NGS, MOB, MON, EOS, BAS, LYT, LYA, EBO, and203

KSC. All images were captured at 100× oil-immersion magnification. Cell-type labels were204

withheld from every stage of the computational pipeline and used only to evaluate outputs205

after the fact. A stratified random subsample of 1,577 images was drawn (approximately 105206

cells per class) due to graph memory constraints.207

Backbone Architectures208

ResNet50[11] (25M parameters, supervised ImageNet-1K): the 2048-dimensional final pool-209

ing vector was projected to 512 dimensions with L2 normalisation.210

DINOv2-large[10] (307M parameters, self-supervised on 142M natural photographs):211

the 1024-dimensional CLS token was projected to 512 dimensions.212

Virchow2[6] (632M parameters, ViT-H/14, self-supervised on 3.1M pathology whole-213

slide images): the 1280-dimensional CLS token was projected to 512 dimensions.214

All backbones were frozen during experiments; gradient flow was restricted to the projec-215

tion head.216
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FuzzyGNN-Clust Pipeline217

Features were extracted with dropout rate 0.3. Monte Carlo dropout[12] with T = 20 for-218

ward passes provided per-sample epistemic uncertainty u
epi
i
. A symmetric k-nearest neigh-219

bour graph (k = 10, cosine similarity) was constructed, then processed by a 2-layer Graph220

Attention Network[13] (8 heads, ELU activation) trained with a self-supervised reconstruc-221

tion objective to produce 128-D embeddings Z. Fuzzy c-means[14] (m = 2, k-means++222

initialisation, 10 restarts) was applied to Z, with the optimal cluster count c chosen by sil-223

houette maximisation over c ∈ {2, . . . , 19}. A unified uncertainty score combined epistemic224

uncertainty and fuzzy membership entropy:225

Ωi = βũ
epi
i

+ (1− β)H̃ fuzz
i

, β = 0.5 (3)

Evaluation226

Internal metrics — Silhouette[15], Davies-Bouldin[16], Calinski-Harabasz[17] — assessed clus-227

ter geometry without reference to ground truth. External metrics — ARI[18] and NMI[19]228

— compared predicted assignments against the 15 expert labels post-hoc. A permutation229

test (1,000 shuffles) verified that clustering exceeded chance for each backbone. Two Kruskal-230

Wallis tests examined uncertainty: one across all 15 cell types, and one comparing transitional231

precursors (MYB, PMB, PMO, MYO, MMZ, MOB) against stable mature types (NGS, NGB,232

LYT, EOS, BAS). Virchow2 experiments were repeated across five random seeds (42, 123,233

256, 512, 1024).234
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Figure 2: Cell-type uncertainty heatmap. Rows ordered by differentiation stage. Vir-
chow2 shows strongly differentiated uncertainty (H = 178.2, p = 1.5× 10−30). DINOv2 and
ResNet50 are nearly uniform across cell types.
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Figure 3: Six-panel UMAP comparison. Left column: ground-truth cell types (15
classes). Right column: predicted clusters at silhouette-optimal c. Virchow2 Cluster 1 shows
partial monocytic and myeloid coherence.
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