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ORIGINAL ARTICLE
Deep LearningeBased Classification of
Early-Stage Mycosis Fungoides and Benign
Inflammatory Dermatoses on H&E-Stained
Whole-Slide Images: A Retrospective,
Proof-of-Concept Study

Thom Doeleman1,2, Siemen Brussee1, Liesbeth M. Hondelink1, Daniëlle W.F. Westerbeek1,
Ana M. Sequeira1, Pieter A. Valkema1,3, Patty M. Jansen1, Junling He1, Maarten H. Vermeer4,
Koen D. Quint4, Marijke R. van Dijk2, Fons J. Verbeek5, Jesper Kers1,3 and Anne M.R. Schrader1
The diagnosis of early-stage mycosis fungoides (MF) is challenging owing to shared clinical and histopathological
features with benign inflammatory dermatoses. Recent evidence has shown that deep learning (DL) can assist
pathologists in cancer classification, but this field is largely unexplored for cutaneous lymphomas. This study
evaluates DL in distinguishing early-stage MF from benign inflammatory dermatoses using a unique dataset of 924
H&E-stained whole-slide images from skin biopsies, including 233 patients with early-stage MF and 353 patients
with benign inflammatory dermatoses. All patients with MF were diagnosed after clinicopathological correlation.
The classification accuracy of weakly supervised DL models was benchmarked against 3 expert pathologists. The
highest performance on a temporal test set was at �200 magnification (0.50 mm per pixel resolution), with a mean
area under the curve of 0.827 � 0.044 and a mean balanced accuracy of 76.2� 3.9%. This nearly matched the 77.7%
mean balanced accuracy of the 3 expert pathologists. Most (63.5%) attention heatmaps corresponded well with
the pathologists’ region of interest. Considering the difficulty of the MF versus benign inflammatory dermatoses
classification task, the results of this study show promise for future applications of weakly supervised DL in
diagnosing early-stage MF. Achieving clinical-grade performance will require larger multi-institutional datasets
and improved methodologies, such as multimodal DL with incorporation of clinical data.

Keywords: Artificial intelligence, Cutaneous lymphoma, Digital pathology, Histology, Weakly supervised
learning
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INTRODUCTION
Mycosis fungoides (MF) is the most common primary cuta-
neous lymphoma (CL), accounting for almost 50% of all
cases (Willemze et al, 2005). Clinically, patients typically
present with multiple cutaneous erythematous patches and
plaques in sun-protected areas. Histologically, small- to
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medium-sized, neoplastic T lymphocytes with cerebriform
nuclei infiltrate the epidermis (epidermotropism) and papil-
lary dermis. MF usually has an indolent protracted course,
but progression to tumor stage and extracutaneous spread
occur in 10e39% of patients within 10 years, and the 10-year
disease-specific survival ranges from 83 to 97% (van Doorn
et al, 2000). The diagnosis of early-stage MF (stages IAeIIA)
can be very difficult owing to shared clinical and histopath-
ological features with benign inflammatory dermatoses
(BIDs) (ie, eczema, psoriasis, drug reactions), not uncom-
monly leading to misdiagnosis (Kelati et al, 2017). Differen-
tiating early-stage MF from BIDs may even be impossible
without clinicopathological correlation, reflected by a low
interpathologist agreement rate (Guitart et al, 2001) and
frequent diagnostic delay up to years between first symptoms
and initial diagnosis (Cerroni, 2020). Therefore, easily
accessible, adjunct diagnostic tools are needed for the early
identification of patients with CL.

The transition into a digital workflow in pathology has
offered a wide range of possibilities. This includes the use of
deep learning (DL)ebased tools to assist pathologists in
cancer classification, outcome prediction, and grading tasks
(Hondelink et al, 2022; Litjens et al., 2016;Mun et al, 2021).
estigative Dermatology. This is an open access
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Table 1. Patient and Biopsy Characteristics for WSI
Development Dataset (n [ 724 WSIs)

Characteristic MF BIDs P-Value

Number of patients 176 283 N.A.

Number of WSIs 362 362 N.A.

Median number of

WSIs per patient (range)

2 (1e8) 1 (1e6) <.00011

Sex, male, n (%) 117 (66.5) 147 (51.9) .00221

Age at time of biopsy, y,

median � SD

60 � 16 60 � 18 .754

Biopsy location, n (%)

Head and neck 7 (1.9) 34 (9.4) <.00011

Trunk 180 (49.7) 126 (34.8) <.00011

Upper extremity 58 (16.0) 92 (25.4) .00181

Lower extremity 100 (27.6) 82 (22.7) .1236

Unknown 17 (4.7) 28 (7.7) .0910

Age of H&E slide, y,

median (range)

5 (1e20) 4 (2e9) .02101

MF stage at time of

biopsy, n (%)

IA 182 (50.3) N.A. N.A.

IA/B 10 (2.8) N.A. N.A.

IB 141 (39.0) N.A. N.A.

IIA 0 (0) N.A. N.A.

IIB2 22 (6.1) N.A. N.A.

III2 1 (0.3) N.A. N.A.

Unknown 6 (1.7) N.A. N.A.

Abbreviations: BID, benign inflammatory dermatosis; MF, mycosis
fungoides; N.A., not applicable; WSI, whole-slide image.
1Statistically significant P-values.
2Only biopsies included from patch or plaque lesion in patients with
advanced-stage MF (stage IIB and III).
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The use of DL techniques on whole-slide images (WSIs) of
skin biopsies could support decisionmaking for pathologists
with expertise in other fields and allow for timely referral of
patients with suspected CL to an expert center. However, to
date, DL-based applications for histopathology of CL have
hardly been explored, possibly explained by several specific
challenges in this field: the difficulty of collecting a sufficient
number of cases of these rare and heterogeneous diseases,
overlapping histopathological features between CL and
BIDs, and a dispersed presence of diagnostic features pre-
venting easy labelling of regions of interest (ROIs) in a
conventional supervised learning setting.

This paper presents a proof-of-concept study. We trained
weakly supervised DL models using the clustering-
constrained attention multiple instance learning (CLAM)
method (Lu et al, 2021) to distinguish between early-stage MF
and BIDs in skin biopsies using only WSIs from H&E-stained
slides. The primary objective was to achieve a diagnostic
performance in the binary classification task similar to expert
opinion, measured by balanced accuracy and calculation of
the area under the curve (AUC) by plotting the sensitivity
against the specificity.

RESULTS
Patient characteristics of development dataset

The development dataset consisted of 724 WSIs, including
362 WSIs from 176 patients with MF, 99 WSIs from 65 pa-
tients with BIDs with clinical/histological suspicion of MF but
without MF diagnosis after clinicopathological correlation,
and 263 WSIs from 218 patients with BIDs without clinical/
histological suspicion of MF (Table 1). The median number of
WSIs per patient was 2 (range ¼ 1e8) for MF and 1 (range ¼
1e6) for BID cases. The median age at diagnosis (60 years)
was equal between the groups, but the MF cohort comprised
more males than the BID cohort (66.5 vs 51.9%, P < .01).
Regarding the anatomical distribution, the skin biopsies more
often originated from the head-and-neck region (9.4 vs 1.9%;
P < .01) and upper extremity (25.4 vs 16.0%, P < .01) in BID
cases, whereas the majority originated from the trunk in MF
cases (49.7 vs 34.8%, P < .01).

Patient characteristics of temporal test dataset

The temporal test dataset consisted of 200 WSIs, including
103 WSIs of 57 patients with MF, 53 WSIs from 31 patients
with BIDs with clinical/histological suspicion of MF but
without MF diagnosis after clinicopathological correlation,
and 44 WSIs from 42 patients with BIDs without clinical/
histological suspicion of MF (Table 2). The median number of
WSIs per patient was 2 (range ¼ 1e5) for MF and 1 (range ¼
1e6) for BID cases. In contrast to the development dataset,
the median age at diagnosis was higher in the BID cohort (68
vs 60 years, P < .05), whereas the proportion of males to
females was similar between the cohorts. Regarding the
anatomical distribution, the skin biopsies more often origi-
nated from the head-and-neck region (17.5 vs 8.2%, P < .01)
and trunk (65.0 vs 35.1%, P < .01) in MF cases.

Classification accuracy of expert pathologists

Three pathologists with expertise in CL independently scored
all WSIs of the temporal test set (n ¼ 200 WSI) on the basis of
H&E only, without any clinical or additional pathological
Journal of Investigative Dermatology (2025), Volume 145
data (Supplementary Figure S1). When splitting the scores in
either (uncertain, favor) BID (0e50%) or (uncertain, favor)
MF (51e100%), the pathologists achieved a balanced accu-
racy of 83.2, 80.4, and 69.5% (mean ¼ 77.7%). There was
moderate interpathologist agreement (2-rating categories, 3
raters) with a multirater kappa value of 0.473.

Classification accuracy of DL-based models

Of 3 evaluated feature extractors, the CLAM-based method
combined with the UNI foundation model showed highest
overall performance, using �200 magnification with 256 �
256-pixel patches (16,384 mm2) (Supplementary Figure S2).
On the internal test set, a mean AUC of 0.955 � 0.014 and a
mean balanced accuracy of 90.6 � 1.8% were achieved. On
the temporal test set, a mean AUC of 0.827 � 0.044 and a
mean balanced accuracy of 76.2 � 3.9% were achieved
(Figure 1a and b).

Agreement between pathologists and DL-based models

Comparison of the pathologists’ level of suspicion for MF
with the prediction scores of the best performing model
(discretized into bins 0e25, 25e50, 50e75, and 75e100%)
revealed fair agreement, measured by linear-weighted kappa,
between the best fold model and the 3 individual patholo-
gists. The kappa values were k ¼ 0.394, k ¼ 0.264, and k ¼
0.215, respectively, for the scoring of the temporal test set.
The confusion matrices are shown in Figure 1c. The perfor-
mance of the DL-based model was significantly better on the



Table 2. Patient and Biopsy Characteristics for WSI
Temporal Test Dataset (n [ 200 WSIs)

Characteristic MF BIDs P-Value

Number of patients 57 70 N.A.

Number of WSIs 103 97 N.A.

Median number of

WSIs per patient (range)

2 (1e5) 1 (1e6) .01431

Sex, male, n (%) 34 (59.6) 46 (65.7) .4814

Age at time of biopsy, y,

median � SD

60 � 18 68 � 19 .01591

Biopsy location, n (%)

Head and neck 18 (17.5) 8 (8.2) .00301

Trunk 67 (65.0) 34 (35.1) <.00011

Upper extremity 12 (11.7) 21 (21.6) .0574

Lower extremity 18 (17.5) 26 (26.8) .1118

Unknown 6 (5.8) 8 (8.2) .5029

Age of H&E slide, y,

median (range)

1 (0e3) 2 (1e3) <.0011

MF stage at time of

biopsy, n (%)

IA 66 (64.1) N.A. N.A.

IA/B 0 (0) N.A. N.A.

IB 36 (35.0) N.A. N.A.

IIA 1 (1.0) N.A. N.A.

IIB2 0 (0) N.A. N.A.

III2 0 (0) N.A. N.A.

Unknown 0 (0) N.A. N.A.

Abbreviations: BID, benign inflammatory dermatosis; MF, mycosis
fungoides; WSI, whole-slide image.
1Statistically significant P-values.
2Only biopsies included from patch or plaque lesion in patients with
advanced-stage MF (stage IIB and III).
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easy cohort of the temporal test set, consisting of 79 WSIs,
than on the difficult cohort, consisting of 107 WSIs, with
accuracy rates of 86.1 and 70.2%, respectively (P ¼ .01).

Review of attention heatmaps

To evaluate the regions with the highest diagnostic value, that
is, the regions that mostly contributed to the model’s pre-
dictions, attention heatmaps were generated for all cases in
the temporal test set (n ¼ 200). For the best performing fold
at �200 magnification, there was good correspondence with
the pathologists’ ROIs in 127 of 200 (63.5%) WSI heatmaps
(Figure 2), moderate correspondence with the pathologist’s
ROIs in 62 of 200 (31.0%) WSI heatmaps, and poor corre-
spondence with the pathologists’ ROIs in 11 of 200 (5.5%)
WSI heatmaps. For unknown reasons, in cases with moderate
and poor correspondence, high attention was (partly) focused
on dermal collagen, the pilosebaceous unit, or other areas
without obvious diagnostic relevance to the pathologist’s eye.
In subgroup sensitivity analyses on the temporal test set, no
significant differences in performance were observed be-
tween biopsy locations or between sexes (Supplementary
Figure S3).

DISCUSSION
In this single-center, proof-of-concept study, we trained DL-
based models using CLAM to distinguish early-stage MF
from BIDs using H&E-stained slides of skin biopsies. With
10-fold cross-validation at �200 magnification and a 256 �
256-pixel patch size using the UNI feature extractor, our
models achieved mean WSI-level AUCs of 0.955 and 0.827
and mean WSI-level balanced accuracies of 90.6 and 76.2%
on the internal test set (n ¼ 71 WSI) and temporal test set (n ¼
200 WSI), respectively. The final balanced accuracy of 76.2%
was similar to those of 3 CL expert pathologists, who ach-
ieved a mean balanced accuracy of 77.7% on the temporal
test set (n ¼ 200).

This study demonstrates the presence of a trainable,
discriminative signal based on DL for the binary MF versus
BID classification task with only H&E-stained WSIs as input.
Previously, researchers from Switzerland (Scheurer et al,
2020) published a DL-aided diagnostic tool for predicting
MF or eczema using WSIs with corresponding segmentation
maps of the epidermis and spongiosis as input. However, on a
dataset of 307 WSIs from 93 patients, the classification ac-
curacy showed an almost negligible difference compared
with a dummy classifier. In addition, there was a separate
study by Turkish colleagues (Karabulut et al, 2023) employing
a DL model to distinguish between MF and non-MF lym-
phocytes, albeit without performing slide-level classification.

In this study, we managed to establish a relatively large
dataset for its type, including 465 WSIs of 233 patients with
early-stage MF, and demonstrated that slide-level distinction
from BIDs with overlapping histopathological features was
feasible without the use of manual annotations. We believe
that a strength of our study is the inclusion of not only text-
book examples of MF and BIDs but also ambiguous cases that
were sent in for consultation but did not receive an MF
diagnosis after clinicopathological correlation, increasing the
resemblance of the dataset to a real-world pathology
practice.

Considering the difficulty of the MF versus BID classifica-
tion task, as reflected by the relatively poor accuracy and
high uncertainty of the expert pathologists, the results of this
study show promise for future applications of weakly super-
vised DL to aid in diagnosis of patients with early-stage MF.
To ensure easy applicability in clinical practice, we opted to
train and validate our models using only H&E-stained slides.
We envision an H&E-based DL model as a screening tool for
pathologists without CL expertise, to optimize the referral
process of suspected patients with MF to a center of expertise,
ultimately diminishing the diagnostic delay. In addition, such
a model could reduce the need for (excessive) immunohis-
tochemistry panels on skin biopsies, saving time, resources,
and tissue.

In the field of digital pathology, it is crucial to focus on the
explainability of artificial intelligenceebased models (Border
and Sarder, 2021), which is facilitated by the generation of
attention heatmaps to visualize the relative contribution of
tissue regions to the model’s predictions. In our study, the
majority (63.5 vs 31.0%) of the attention heatmaps of the best
fold test set corresponded well to moderately with the pa-
thologist’s ROIs, with high attention localized at the
dermaleepidermal junction and superficial dermis contain-
ing the lymphoid infiltrates. With these regions being the
ROIs in MF and MF-mimicking BIDs, this suggests that the
model’s predictions were based on relevant tissue regions. In
addition, we demonstrated that the performance of the DL-
www.jidonline.org 1129
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Figure 1. Performance evaluation of models for distinguishing MF from BIDs. (a, b) Unweighted macroaverage WSI-level ROC curves from 10-fold cross-

validation for distinguishing MF from BIDs on (a) the internal test set (n ¼ 71 WSI) and (b) the temporal test set (n ¼ 200 WSI) using models trained at �200

magnification with a patch size of 256 � 256 pixels. (c) Confusion matrices comparing the pathologists’ level of suspicion for MF with the prediction scores of

the best performing model (discretized into bins 0e25, 25e50, 50e75, and 75e100%) on the temporal test set (AUC ¼ 0.908), which includes 200 WSIs

comprising 103 MF and 97 BID cases. AUC, area under the curve; BID, benign inflammatory dermatosis; DL, deep learning; MF, mycosis fungoides; ROC,

receiver operating characteristic; WSI, whole-slide image.

T Doeleman et al.
Deep Learning in Mycosis Fungoides vs Benign Dermatoses

1130
based model was significantly better on the easy cases than
on the difficult cases of the temporal test set, as defined by the
pathologists’ scoring criteria.

The artificial comparison of the model with the perfor-
mance of the 3 expert pathologists can be considered as a
limitation of the study. To fairly assess the performance of the
models, we impaired the diagnostic capabilities of the pa-
thologists by forcing judgments to be made on 1 represen-
tative WSI, without any clinical information. In real-life
practice, a pathologist would have access to (basic) clinical
information or even photographs of the clinical presentation
of the patient as well as immunohistochemical stainings and,
in some instances, molecular testing. For future directions, it
would be interesting to evaluate whether incorporation of
such information could further improve the performance of
the model through multimodal DL. In addition, in clinical
practice, skin biopsies are evaluated at both low-power and
high-power magnification (Subtil, 2019), whereas the DL
models in this study were trained on single magnification
levels. An increase in performance might also be seen when
using multiresolution models, as has been shown with
promising results for endometrial carcinoma subtype classi-
fication (Hong et al, 2021) and tissue segmentation in breast
cancer (Van Rijthoven et al, 2021). However, most
Journal of Investigative Dermatology (2025), Volume 145
importantly, the performance of DL-based models signifi-
cantly improves with increasing numbers of patients included
in the training dataset. Large-scale experiments have shown
that, although dependent on the tissue type and specific task,
at least 10,000 WSIs are necessary for clinical-grade classi-
fication performance (Campanella et al, 2019), which is very
difficult to achieve for rare diseases, such as MF. By pooling
patient material from multiple institutions, considerably
larger datasets can be generated, and this also enables the
generation of an external cohort for model validation. DL
algorithms trained on WSIs from a single institution, as in our
study, often experience further performance deterioration
when applied to WSIs from other institutions (Van der Laak
et al, 2021). Even though we adopted the Macenko stain
normalization method that can help to minimize uninfor-
mative color variations in WSIs from different institutions,
performance deterioration is also to be expected from our
model.

Possible confounding factors in our study include the
higher proportion of male patients in the MF cohort, with
possible sex-related differences in skin histology (Sandby-
Møller et al, 2003). In addition, topographical differences
in skin histology (Kakasheva-Mazhenkovska et al, 2011) may
be relevant because the BID cohort contained more cases



Figure 2. Attention heatmaps for the MF versus BIDs classification task. Representative attention heatmaps of 5 MF and 5 BID skin biopsies as generated by the

best fold model trained at�200 magnification. High attention is mostly clustered at the dermaleepidermal junction containing lymphocytic infiltrate, with good

correspondence to the pathologist’s ROIs. Red area ¼ highest attention, blue area ¼ lowest attention. BID, benign inflammatory dermatosis; MF, mycosis

fungoides; ROI, region of interest.
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from the head-and-neck region and upper extremity and
fewer from the trunk than the MF cohort. However, in sub-
group sensitivity analyses on the temporal test set, no sig-
nificant differences in performance were observed between
biopsy locations or between sexes.

In conclusion, although promising, our proof-of-concept
study underscores the difficulty in distinguishing between
early-stage MF and BIDs for both artificial intelligence
models and human observers relying solely on WSIs from
H&E slides. Nevertheless, our results support weakly super-
vised DL as a promising technique for the development of a
screening tool to assist pathologists without CL expertise for
timely referral of patients with suspected MF to a specialized
CL center. It is expected that clinical-grade performance can
be attained with the generation of larger and more diverse,
multi-institutional datasets using a multimodal approach with
incorporation of clinical information.

MATERIALS AND METHODS
WSI dataset construction

Representative skin biopsies from all patients with early stages of

classic MF (stages IAeIIA) and only patch- or plaque-stage disease

from patients with advanced stages of classic MF (stages IIBeIII)

were retrospectively included. Patients were identified from the

registry of the Dutch Cutaneous Lymphoma Group, diagnosed after

clinicopathological correlation between January 1, 2015 and

December 7, 2023.

The Dutch Cutaneous Lymphoma Group is a collaboration of

dermatologists and pathologists from all Dutch university medical

centers, meeting 4e5 times each year to discuss new patients with

suspected skin lymphoma. A diagnosis is synthesized after review of

clinical photographs, clinical data, and a representative skin biopsy.
All biopsies with tumor-stage disease and transformed large-cell

variants of MF were excluded. In addition, patients with variants

of MF, that is, folliculotropic MF, pagetoid reticulosis, and granulo-

matous slack skin, were excluded because these variants have other

clinical and histological mimickers compared with patch and plaque

stages of classic MF. WSIs of included patients with MF were not

selected when it was unclear whether the MF diagnosis was based

on that particular slide and when pathologists reviewed this tissue

slide as nondiagnostic for MF. In addition to MF, we included

representative skin biopsies from all patients with BIDs with either

clinical and/or histological suspicion of MF but without MF diag-

nosis after clinicopathological correlation, sent in as consultation to

the Leiden University Medical Center between January 1, 2015 and

December 7, 2023. In addition, a diverse set of BIDs, diagnosed in

the same study period, was selected (Supplementary Table S1). In

these cases, there was no clinical or histopathological suspicion of

MF, and immunohistochemistry typing of the lymphoid infiltrates

and clinicopathological correlation was not performed in routine

diagnostics.

From all included cases, H&E-stained slides from representative

skin biopsies were collected from the archives of the Department of

Pathology of the Leiden University Medical Center, including slides

from in-house biopsies and locally stained slides retrieved from

consultation biopsies. The H&E-stained slides were scanned using

the Philips Ultra-Fast Scanner and the 3DHISTECH PANNORAMIC

P480 scanner in a ratio of approximately 1:1 to create a WSI re-

pository. The scanning resolution was 0.25 mm per pixel. Out-of-

focus WSIs were rescanned. WSIs with troublesome fading of the

H&E stain and WSIs without any tissue or missing the epidermis

were excluded.

For WSI preprocessing, all images in the Philips iSyntax file format

were converted to pyramidal TIFF using the Philips Pathology
www.jidonline.org 1131
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Software Development Kit (available from https://www.usa.philips.

com/healthcare/sites/pathology/about/sdk/). TD manually delin-

eated the artifact-free and most representative tissue section on each

slide to minimize redundant information in sequential sections.

The ASAP 1.9 software (available from https://

computationalpathologygroup.github.io/ASAP/) was used for this

delineation, and the WSI was cropped to this section using a pro-

prietary script provided by JK. Images in the MIRAX file format were

cropped in QuPath 0.5.1 (available from https://github.com/qupath),

exported as OME-TIFF images using Bio-Formats, and then con-

verted to pyramidal TIFF using the libvips image processing library

(available from https://github.com/libvips). For comparison, several

models were trained using all available sections, that is, the entire

tissue region on the slide. However, this approach did not signifi-

cantly impact the results but did significantly increase the training

duration of the models (data not shown).

In total, we established a 1-institution dataset of 924 H&E-stained

WSIs from 585 patients, including 465 WSIs from 233 patients with

early-stage MF, 152 WSIs from 96 patients with BIDs with clinical/

histological suspicion of MF but without MF diagnosis after clini-

copathological correlation, and 307 WSIs from 260 patients with

BIDs without clinical/histological suspicion of MF (Figure 3). This

dataset was divided into 2 cohorts: a development dataset encom-

passing the data used throughout the model development process,

consisting of patients diagnosed from January 2015 to August 2021

(n ¼ 724 WSI, 78.4% of total sample), and a temporal test set

encompassing the data for further, independent validation,
Development set (n = 724 WSI) 
Jan. 2015 - Aug. 2021

Diagnosed after clinicopathological correlation

Early-stage MF
362 WSIs from 176 patients

BIDs with clinical or 
histological suspicion 
(consultation cases) 

99 WSIs from 65 patients

Early-stage MF 
362 WSIs from 176 patients

90%
Training

10-fold cross validation

10
Valida

BIDS 
362 WSIs from 283 pa

B

263

Clinico
not pe

a

MF

BID

Weakly-supervised DL

Slideflow

WSIs

CLAM

b

Figure 3. Flow diagram of study design. (a) Composition of the development an

supervised DL model using (Lu et al, 2021) implemented in Slideflow (Dolezal et

respective teams. AUC, area under the curve; Aug, August; BID, benign inflamm

learning; Dec, December; DL, deep learning; Jan, January; MF, mycosis fungoid
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consisting of patients diagnosed from September 2021 to December

2023 (n ¼ 200 WSI, 21.6% of total sample).

Expert opinion

To be able to compare the performance of our models with expert

opinion, 3 pathologists with expertise in CL (PJ, AS, and MD)

reviewed the same tissue sections as included in the temporal test set

(n ¼ 200 WSI), without clinical or additional histopathological in-

formation. All WSIs were scored in the following categories,

dependent on certainty of the pathologist (between parentheses):

BID (0e25%); uncertain, favor BID (26e50%); uncertain, favor MF

(51e75%), and MF (76e100%). On the basis of the pathologists’

scoring, the temporal test set was divided into 2 groups: (i) an easy

cohort, containing cases where all 3 pathologists agreed on the

diagnosis (binary decision) with at least 2 pathologists expressing

certainty (either 0e25% for BIDs or 76e100% for MF), and (ii) a

difficult cohort, containing the remainder (comprising cases where

the pathologists either did not agree or there was substantial

uncertainty).

DL model building and testing

To perform DL, we used CLAM (Lu et al, 2021) (code available at

https://github.com/mahmoodlab/CLAM), a DL-based toolbox

designed for weakly supervised, multiple-instance learning classifi-

cation tasks in computational pathology. This was implemented

using the Slideflow python package (version 2.3.0). WSIs,

comprising numerous patches, were provided only with slide-level

labels. These labels are utilized to train a classification model for
%
tion

tients

IDs without clinical or
histological suspicion
 WSIs from 218 patients

pathological correlation was 
rformed in routine diagnosis

10%
Internal test set

Balanced
accuracy

Mean
AUC

Early-stage MF 
103 WSIs from 57 patients

Temporal test set (n = 200 WSI) 
Sept. 2021 - Dec. 2023

BIDS 
97 WSIs from 70 patients

% MF

% BID
+

WSI-level predictions +
attention heatmaps

d temporal test WSI datasets. (b) Overview of development of a weakly

al, 2024). The CLAM and Slideflow logos are used with permission from their

atory dermatosis; CLAM, clustering-constrained attention multiple instance

es; Sept, September; WSI, whole-slide image.
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predicting diagnostic labels on unseen WSIs. Among the 3 evaluated

feature extractors, the UNI foundation model (code available at

https://github.com/mahmoodlab/UNI) exhibited the highest perfor-

mance and was consequently selected for reporting the results of this

study (Supplementary Materials and Methods).

The development dataset (cohort January 2015eAugust 2021)

was subdivided into an internal test subset, a validation subset, and a

training subset. We specified a sample of 10% as the internal test set,

ensuring no patients were shared between the test and training

subsets. Then, we applied 10-fold Monte Carlo cross-validation to

the remaining 90% of the development dataset, where each fold

used 10% of the data for validation. The splits were selected such

that the relative proportion of labels was the same in the training split

as in the validation split, and there was no leakage between patients.

Multiple WSIs from the same patient were kept within the same

partition. The temporal test set (cohort September 2021eDecember

2023) was used to evaluate the models’ generalization on unseen

data from a different time period. There was no external test set from

a different institute. To minimize uninformative color variations in

the data, we normalized the images using the Macenko stain

normalization method. All training was conducted in a Linux-based

cluster environment using Quadro RTX 6000 (4608/24GB) graphics

processing units. Performance was quantified using balanced accu-

racy and the AUC of receiver operating characteristic on the internal

and temporal test sets.

Attention heatmaps

CLAM is able to produce interpretable heatmaps that allow users to

visualize, within each WSI, the relative contribution of each tissue

area to the model’s slide-level predictions. For each case in the

temporal test set, an attention heatmap was generated and evaluated

and scored by TD for correspondence to the pathologist’s ROI,

regarded as pathological changes, in a 3-tiered scale: good (high

attention to pathological changes in the majority of patches), mod-

erate (high attention to pathological changes in approximately half

of the patches), or poor (high attention to pathological changes in the

minority of patches). In addition, we extracted the top 5 patches with

the highest predictive value for both MF and BID diagnoses

(Supplementary Figures S4 and S5).

Statistics

The degree of interobserver agreement between pathologists was

assessed with Fleiss’ multirater kappa statistic. The degree of

agreement between the DL model and the individual pathologists

was assessed with Cohen’s linear weighted kappa. For categorical

variables (sex and biopsy location), the P-value was obtained from

the Pearson chi-square test. For continuous variables with non-

normal distribution (patient age, slide age, and number of WSIs),

the P-value was obtained from the ManneWhitney U test. All P-

values below .05 were regarded statistically significant. Analyses

were performed using IBM Statistical Package for the Social Sci-

ences, version 28, and Microsoft Excel, version 2403.
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SUPPLEMENTARY MATERIALS AND METHODS

Materials

Preprocessing and training procedures were conducted using
the Slideflow python package (version 2.3.0) (Dolezal et al,
2024). The code used is available on GitHub. Training was
conducted in a Linux-based cluster environment using
Quadro RTX 6000 (4608/24GB) graphics processing units.

Image handling

For each whole-slide image (WSI), a tissue mask was created
by applying the following sequential steps on the thumbnail
images: (i) Gaussian filtering to remove artifacts and out-of-
focus areas, (ii) transformation from RGB (red, green, and
blue) to HSV (hue, saturation, and value) color space, (iii)
contrast-limited adaptive histogram equalization for contrast
enhancement on the V channel, and (iv) Otsu thresholding
(Otsu, 1979). Furthermore, areas unsuitable for patching
were identified using blur detection (Wu et al, 2015).

The area within the tissue mask suitable for patching was
downsampled into tiles according to specified tile size and
magnification. To minimize uninformative color variations in
the data, we normalized the images using the Macenko stain
normalization method (Macenko et al, 2009). This feature
extraction resulted in a feature bag for each tile of each WSI
in our dataset.

Dataset split

Our dataset consisted of a development dataset (n ¼ 724
WSIs) and an independent temporal test set (n ¼ 200 WSIs).
This temporal test set (cohort September 2021eDecember
2023) was used to evaluate the models’ generalization on
unseen data from a different time period. There was no
external test set from a different institute. The development
dataset (cohort January 2015eAugust 2021) was subdivided
into an internal test subset, a validation subset, and a training
subset. We specified a sample of 10% as our internal test set
such that no patients were shared between the test and
training sets. Then, we applied 10-fold cross-validation to the
remaining 90% of our internal dataset, where, for each fold,
10% of the data was used for validation. The splits were
selected such that the relative number of labels was the same
in the training split as in the validation split, and there was no
leakage between patients. If there were multiple WSIs from 1
patient, they were placed in the same subset.

Training procedure

During training, we used the Leslie Smith LR Range test
(Smith and Topin, 2019) to find an optimal learning rate on
the basis of the data. For scheduling the learning rate, we
used the 1 cycle scheduler (Smith and Topin, 2019). We
trained for 32 epochs and used a batch size of 64 and a bag
size of 512. For clustering-constrained attention multiple
instance learning (CLAM), we used the small model size
(1024, 512, 256) and default single-attention-branch CLAM
model. For CLAM’s bag loss, the cross-entropy bag loss was
used, with a bag weight of 0.7. Adam (Kingma and Ba,
20141) was used as the optimization algorithm. For CLAM’s
instance loss, cross-entropy was also used. We sampled 8
1 Kingma DP, Ba J. Adam: a method for stochastic optimization. arXiv 2014.
positive/negative patches during instance-level training. In
each validation split, we trained a CLAM model on the
training set and measured the performance both on the in-
ternal test set and on our independent temporal test set. The
results were averaged over the splits, and the SD was also
calculated.

Feature extractors

During feature extraction, we generated bags of feature rep-
resentations for each tile, in each WSI of our dataset. To
extract features, we used the following models: (i) ImageNet-
pretrained ResNet50, a ResNet50 model pretrained on the
ImageNet dataset (Deng et al, 2009; He et al, 2016); (ii)
CTransPath, a transformer-based model trained using
contrastive self-supervised learning on 15 million H&E-
stained patches from The Cancer Genome Atlas and Pathol-
ogy AI Platform WSIs across cancer types (Wang et al, 2022);
and (iii) pretrained UNI foundation model, a general-purpose
self-supervised model for pathology, pretrained using
>100million images from over 100,000 diagnostic H&E-
stained WSIs (>77 TB of data) across 20 major tissue types
(Chen et al, 2024).

Evaluation metrics

For model evaluation, we used the balanced accuracy and
area under the receiver operating characteristic curve score.
Given predicted label y

ˇ

i and true label i for any WSI i, let us
define false positives (denoted as FPs), true negatives (deno-
ted as TNs), true positives (denoted as TPs), and false nega-
tives (denoted as FNs) as follows:

FP ¼
XN
i¼ 1

1
�
yi ¼ 0^y

ˇ

i ¼ 1
�
; TN ¼

XN
i¼ 1

1
�
yi ¼ 0^y

ˇ

i ¼ 0
�
;

TP ¼
XN
i¼ 1

1
�
yi ¼ 1^y

ˇ

i ¼ 1
�
; FN ¼

XN
i¼ 1

1
�
yi ¼ 1^y

ˇ

i ¼ 0
�

Using these definitions, we can define the false positive
rate (denoted as FPR) and true positive rate (denoted as TPR)
as follows:

FPR ¼ FP

FPþ TN
(1)

TPR ¼ TP

TPþ FN
(2)

Now, we can define the balanced accuracy and area under
the curve score as follows:

Balanced Accuracy ¼ 1

2

X2
i¼ 1

TPi
TPi þ FNi

(3)

AUC ¼
Z1

0

TPRðfprÞdðfprÞ (4)

Where the area under the curve score integrates the
decision threshold on the basis of the true positive and false
positive rates. The roc_auc_score function from the scikit-
www.jidonline.org 1134.e1
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learn machine learning library was used with default values
to compute the area under the curve from prediction
scores.
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Supplementary Figure S1. Pathologist’s scoring of temporal test set (n[ 200

WSIs). (a) Pathologist 1: balanced accuracy ¼ 83.2%, sensitivity ¼ 93.2%,

and specificity ¼ 73.2%. (b) Pathologist 2: balanced accuracy ¼ 80.4%,

sensitivity ¼ 68.0%, and specificity ¼ 92.8%. (c) Pathologist 3: balanced

accuracy ¼ 69.5%, sensitivity ¼ 68.9%, and specificity ¼ 70.1%.

Interpathologist agreement for 2 rating categories: Fleiss’ multirater kappa ¼
0.473.
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a CLAM-ResNet50

BA on temporal test set: AUC on temporal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,629 +- 0,014 0,626 +- 0,022 0,647 +- 0,028 0,644 +- 0,021 0,649 +- 0,028 0,677 +- 0,038
256x256 0,640 +- 0,017 0,655 +- 0,031 0,593 +- 0,051 0,674 +- 0,023 0,694 +- 0,042 0,596 +- 0,081
512x512 0,657 +- 0,022 0,584 +- 0,059 0,558 +- 0,038 0,688 +- 0,036 0,596 +- 0,067 0,526 +- 0,068

BA on internal test set: AUC on internal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,845 +- 0,048 0,786 +- 0,036 0,822 +- 0,029 0,893 +- 0,048 0,841 +- 0,032 0,888 +- 0,022
256x256 0,850 +- 0,042 0,813 +- 0,025 0,714 +- 0,112 0,918 +- 0,039 0,872 +- 0,033 0,734 +- 0,173
512x512 0,772 +- 0,040 0,673 +- 0,129 0,605 +- 0,081 0,796 +- 0,051 0,710 +- 0,156 0,543 +- 0,137

b
 CLAM-CTransPath

BA on temporal test set: AUC on temporal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,580 +- 0,025 0,629 +- 0,053 0,679 +- 0,018 0,563 +- 0,028 0,629 +- 0,108 0,718 +- 0,018
256x256 0,656 +- 0,021 0,685 +- 0,022 0,684 +- 0,059 0,681 +- 0,034 0,727 +- 0,028 0,727 +- 0,081
512x512 0,626 +- 0,018 0,646 +- 0,105 0,593 +- 0,083 0,654 +- 0,019 0,672 +- 0,122 0,580 +- 0,118

BA on internal test set: AUC on internal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,804 +- 0,050 0,754 +- 0,132 0,807 +- 0,032 0,854 +- 0,035 0,757 +- 0,137 0,892 +- 0,029
256x256 0,806 +- 0,026 0,849 +- 0,029 0,717 +- 0,092 0,867 +- 0,021 0,897 +- 0,029 0,756 +- 0,113
512x512 0,882 +- 0,041 0,732 +- 0,167 0,64 +- 0,136 0,921 +- 0,037 0,765 +- 0,187 0,652 +- 0,184

c
 CLAM-UNI

BA on temporal test set: AUC on temporal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,628 +- 0,023 0,692 +- 0,013 0,743 +- 0,036 0,645 +- 0,025 0,741 +- 0,018 0,803 +- 0,030
256x256 0,690 +- 0,024 0,762 +- 0,039 0,574 +- 0,098 0,744 +- 0,021 0,827 +- 0,044 0,565 +- 0,136
512x512 0,733 +- 0,039 0,647 +- 0,087 0,605 +- 0,744 0,787 +- 0,041 0,663 +- 0,135 0,621 +- 0,109

BA on internal test set: AUC on internal test set:
Tile size || Magnification 400x 200x 100x 400x 200x 100x
128x128 0,894 +- 0,020 0,925 +- 0,032 0,880 +- 0,028 0,951 +- 0,021 0,975 +- 0,018 0,940 +- 0,017
256x256 0,863 +- 0,018 0,906 +- 0,018 0,617 +- 0,137 0,924 +- 0,014 0,955 +- 0,014 0,608 +- 0,173
512x512 0,876 +- 0,027 0,680 +- 0,138 0,685 +- 0,123 0,941 +- 0,027 0,684 +- 0,207 0,696 +- 0,166

Supplementary Figure S2. Classification performance of 10-fold cross-validated models for distinguishing between MF and BIDs across various combinations

of magnification level and patch size. This evaluation was conducted using the CLAM method with 3 different encoders: (a) the default ResNet50 encoder, (b)

the CTransPath encoder, and (c) the UNI encoder. For the internal test set, each fold is presented with n ¼ 71 WSIs, which consisted of a sample of 10% from the

development WSI dataset (cohort January 2015eAugust 2021). For the temporal test set, each fold is presented with n ¼ 200 WSIs (cohort September

2021eDecember 2023). Combination of magnification level and patch size with highest mean AUC and mean BA on the internal or temporal test set is

provided in bold. AUC, area under the curve; BA, balanced accuracy; CLAM, clustering-constrained attention multiple instance learning; WSI, whole-slide

image.
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Supplementary Figure S3. Subgroup sensitivity analyses for distinguishing MF from BIDs on the temporal test set. Both accuracy and uncertainty were

compared for the following subgroups: (a) sex (male vs female), (b) biopsy location (head and neck, upper extremity, lower extremity, trunk, and unknown), and

(c) difficulty (easy vs difficult cohort). Entropy was used as a mathematical representation of uncertainty. This entropy value reflects the uncertainty in the model’s

predictions. Higher values would indicate more uncertainty (ie, the model is less confident about its predictions), whereas lower values would indicate less

uncertainty (ie, the model is more confident about its predictions). The KruskaleWallis test was used to compare the samples. Statistically significant values are

presented in bold. n ¼ 200 WSIs. WSI, whole-slide image.
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Supplementary Figure S4. Attention tiles for MF. (aec) Top 5 most attended and (def) top 5 least attended tiles for 3 different representative MF WSIs from the

temporal test set, plotted for the best fold model trained at �200 magnification level and 256 � 256-pixel patch size. Bar ¼ 50 mm. MF, mycosis fungoides; WSI,

whole-slide image.
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Supplementary Figure S5. Attention files for BIDs. (aec) Top 5 most attended and (def) top 5 least attended tiles for 3 different representative BIDWSIs from the

temporal test set, plotted for the best fold model trained at �200 magnification level and 256 � 256-pixel patch size. Bar ¼ 50 mm. BID, benign inflammatory

dermatosis; WSI, whole-slide image.
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Supplementary Table S1. Composition of Training
WSI Subset of BIDs without Clinical or Histological
Suspicion of MF

Diagnosis or Differential Diagnosis
Number of
Patients

Number
of WSI

Atrophic lichen planus 3 3

(Chilblain) lupus erythematosus 2 2

Benign lichenoid keratosis 20 23

Cutaneous lupus erythematosus 21 28

Dermatomyositis 1 1

Erythema exsudativum multiforme 5 5

Exanthematous drug reaction, viral
exanthema

1 1

Extragenital lichen sclerosus 8 10

Fixed drug eruption 1 1

Graft-versus-host disease 21 22

Graft-versus-host disease, drug reaction 2 2

Graft-versus-host disease, spongiotic
dermatitis

2 2

Hypertrophic lichen planus 1 2

Large-plaque parapsoriasis 1 1

Lichen planus 15 18

Lichen planus pigmentosus (ashy dermatosis) 1 1

Lichen planus pigmentosus (ashy
dermatosis), macular amyloidosis

1 2

Lichen planus, lichenoid drug reaction 2 2

Lichen planus, lichenoid drug reaction,
lichenoid purpuric dermatosis

1 1

Lichen sclerosus 2 2

Lichenoid dermatitis 8 10

Lichenoid drug reaction 5 6

Lichenoid drug reaction, pityriasis
lichenoides, lichen planus

1 1

Lupus erythematosus/lichen planus overlap
syndrome

1 1

Perivascular dermatitis 1 1

Perivascular dermatitis, consistent with drug
reaction

2 2

Pityriasis lichenoides chronica 5 7

Pityriasis lichenoides et varioliformis acuta 5 5

Psoriasiform dermatitis 1 1

Psoriasis 10 12

Spongiotic and perivascular dermatitis,
consistent with drug reaction

1 2

Spongiotic dermatitis 52 59

Spongiotic dermatitis, lichen simplex
chronicus

2 6

Spongiotic dermatitis, photoallergic reaction,
drug reaction

1 1

Spongiotic dermatitis, spongiotic drug
reaction

11 13

Spongiotic drug reaction 4 4

Toxic epidermal necrolysis-like cutaneous
lupus erythematosus

1 1

Viral exanthema, graft-versus-host disease,
drug reaction

2 2

Total 2241 263

Abbreviations: BID, benign inflammatory dermatosis; MF, mycosis
fungoides; WSI, whole-slide image.
1Some patients provided biopsies with multiple (differential) diagnoses, so
the total number exceeds the 218 patients included.
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