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Abstract 

Bac kgr ound: Melanoma is an a ggr essi v e form of skin cancer in whic h tumor-infiltr ating lymphocytes (TILs) are a biomarker for re- 
currence and treatment response. Manual TIL assessment is prone to interobserver variability, and current deep learning models are 
not pub licl y accessib le or hav e low performance. Dee p learning models, howev er, hav e the potential of consistent spatial evaluation 

of TILs and other immune cell subsets with the potential of impr ov ed pr ognostic and pr edicti v e v alue. To make the dev elopment 
of these models possible , w e created the Panoptic Segmentation of nUclei and tissue in advanced MelanomA (PUMA) dataset and 

assessed the performance of several state-of-the-art deep learning models. In addition, we show how to impr ov e model performance 
further by using heuristic postprocessing in which nuclei classes are updated based on their tissue localization. 

Results: The PUMA dataset includes 155 primary and 155 metastatic melanoma hematoxylin and eosin–stained r egions of inter est 
with nuclei and tissue annotations from a single melanoma referral institution. The Hover-NeXt model, trained on the PUMA dataset, 
demonstrated the best performance for lymphocyte detection, approaching human interobserver agreement. In addition, heuristic 
postprocessing of deep learning models improved the detection of noncommon classes, such as epithelial nuclei. 

Conclusion: The PUMA dataset is the first melanoma-specific dataset that can be used to develop melanoma-specific nuclei and tissue 
segmentation models. These models can, in turn, be used for prognostic and pr edicti v e biomarker dev elopment. Incorporating tissue 
and nuclei segmentation is a step to war d impro ved deep learning nuclei se gmentation performance . To support the development of 
these models, this dataset is used in the PUMA c hallenge . 

Ke yw ords: Melanoma, H&E-stained histopathology, nuclei segmentation, tissue segmentation, TILs 
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Bac kgr ound 

Melanoma is an a ggr essiv e form of skin cancer with increasing in- 
cidence [ 1 ]. Primary melanoma is treated with surgical excision,
wher eas adv anced, metastasized melanoma is most commonly 
tr eated with imm une c hec kpoint inhibition ther a py, a form of can- 
cer imm unother a p y. Ho w e v er, half of the patients with adv anced 

melanoma do not respond to this tr eatment, whic h is costl y and 

potentially toxic [ 2–5 ]. 
Pr e vious studies sho w ed that tumor infiltrating lymphocytes 

(TILs) in hematoxylin and eosin (H&E)–stained slides of metastatic 
melanoma before the start of treatment are associated with a 
higher chance of response to immune checkpoint inhibition and 

an increase in survival [ 6 , 7 ]. In addition, TILs are associated 

with reduced recurrence rates in primary melanoma [ 8 ]. There- 
fore, assessment of TILs can serve as a prognostic biomarker in 

melanoma treatment. 
Curr entl y, TILs ar e scor ed manuall y, either by estimating a stro- 

mal percentage or through using a multitier system like the Clark 
scor e, whic h categorizes TILs as absent, nonbrisk, or brisk [ 6 , 9 ,
10 ]. Ho w e v er, substantial inter observ er v ariability exists among 
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the original work is pr operl y cited. 
athologists [ 6 , 11 , 12 ]. A deep learning–based assessment could
esult in a more precise, consistent, and fine-grained assessment 
f TILs. 

To date, 2 deep learning–based models have been used to eval-
ate TILs in melanoma histopathology. The first model, NN192,
ses watershed segmentation followed by a fully connected neu- 
al network [ 7 ]. Howe v er , this older , suboptimal technique re-
ults in lo w er performance [ 13 ]. The second model, LUNIT’s Scope
O pan-tumor model, is not melanoma specific and not publicly
v ailable [ 14 , 15 ]. Publicl y av ailable models, suc h as Hover-Net
r etr ained on the PanNuke dataset (which includes skin samples),
an be used to detect TILs in melanoma but have suboptimal per-
ormance . T his is due to the model not being melanoma-specific
 16 , 17 ]. As a result, misclassifications occur because melanoma
ells can resemble other cell types, such as stroma or lymphocytes
Fig. 1 ) [ 13 , 18 , 19 ]. 

As for datasets that can be used to train deep learning mod-
ls usable in melanoma, the NulnsSeg [ 20 ] and CryoNuSeg [ 21 ]
atasets also partly consist of skin samples. Ho w e v er, these
atasets do not have separate classes for nuclei such as tu-
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Figure 1: Examples of melanoma histopathology a ppear ances: a l ymphocyte-like mor phology on the left, a stromal growth pattern in the center, and a 
tumor with lar ge, v ariable nuclei on the right. 
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ors or l ymphocytes, r endering them less useful for creat-
ng deep learning nuclei classification algorithms. In contrast,
he SegPath dataset does classify nuclei as lymphocytes us-
ng a ground truth based on immunofluorescence staining.
o w e v er, it contains onl y 1 melanoma sample with CD3/CD20
nnotations [ 22 ]. 

Next to the presence of (deep learning–detected) TILs, the lo-
alization of TILs is of importance. In breast cancer and non–
mall cell lung cancer, TILs located within the tumor or intratu-
or al str oma r egions, r ather than in necr otic tissue, ar e pr edictiv e

f outcomes [ 23 , 24 ]. No public dataset with tissue annotations
r a public model capable of segmenting melanoma tumor and
ecrotic tissue regions exists at this moment. 

Furthermor e, other imm une cell subsets might also hav e pr og-
ostic implications. For example, neutrophils are associated with
n incr eased c hance of primary melanoma metastasizing, and B-
ell presence is associated with response to immune checkpoint
nhibition ther a py in melanoma [ 25 , 26 ]. The 2020 MoNuSAC c hal-
enge sho w ed that it is possible to segment immune cell subsets
n H&E-stained histopathology images [ 27 ]. 

Consequentl y, ther e is a need for a deep learning model ca-
able of segmenting nuclei of tumor cells and different immune
ell subsets in H&E slides of melanoma. In addition, such a model
hould be capable of segmenting tissue areas that can be used for
uclei localization. To address these needs, we created the Panop-
ic Segmentation of nUclei and tissue in advanced MelanomA
PUMA) dataset. 

In this article, we describe the methodology used to create the
ataset. Furthermor e, we pr ovide nuclei instance segmentation
nd tissue semantic segmentation benchmarks as well as a first
tep in improving nuclei segmentation due to the integration of a
issue and nuclei segmentation. 

ata Description 

he PUMA dataset consists of regions of interest (ROIs) with nu-
lei and tissue annotations. ROIs originate from H&E-stained his-
ological slides of melanoma specimens . T he dataset’s goal is to
acilitate the de v elopment of deep learning models capable of seg-

enting nuclei and tissue. To stimulate the use of the dataset
nd create novel deep learning models, the dataset will also be
sed for a medical image analysis challenge hosted on the grand-
 hallenge.or g platform (accessible through the PUMA Grand Chal-
 f
enge website [ 28 ]). The models created with the dataset and the
UMA challenge, in turn, can be used for prognostic biomarker
eneration in melanoma treatment. 

The dataset consists of 155 primary and 155 metastatic
elanoma manually selected ROIs, scanned at 40 × magnifica-

ion (0.23 μm/px) with a resolution of 1,024 × 1,024 pixels. For
hese ROIs, annotations of both tissue and nuclei are supplied, as
ell as a context ROI of 5,120 × 5,120 pixels centered on the ROI.
nnotations wer e cr eated by a medical expert (author M.S.) and
 hec ked and corrected by a dermatopathologist (author W.B.). All
ases were digitized in a large melanoma referral center, but 76
ases ar e r e visions or consultations originating fr om other tr eat-
ent hospitals. Annotations are in the .GeoJSON format, making

nnotations easily visualizable with the open-source pathology
ma ge vie wer QuP ath [ 29 , 30 ]. 

From the total dataset of 310 ROIs, a training set consisting
f 103 primary and 103 metastatic ROIs has been made publicly
 vailable [ 31 ]. T he r emaining 104 ROIs ar e not publicl y av ailable
s they are used in the PUMA challenge. In this challenge, 10 ROIs
re used a preliminary test set for testing of functioning of mod-
ls . T he remaining 94 samples are used as an independent test set
or final metric calculations. To be able to compar e r esults fr om
he PUMA challenge to our article, results in this study are shown
or this independent test set. 

The public set consists of 97,429 nuclei in 103 primary
elanoma ROIs and 103 metastatic melanoma ROIs . T he prelim-

nary test set consists of 5 primary and 5 metastatic melanoma
OIs with a total of 4,860 nuclei. The final test set, consisting of the
emaining 47 primary and 47 metastatic samples, contains 45,406
uclei. The distribution of nuclei types and metastatic sample lo-
ation is visualized in Fig. 2 . 

As we published pr e viousl y, mor e l ymphocytes ar e pr esent in
rimary samples than in metastatic samples [ 6 ]. The most com-
on metastatic lesion sites are lymph nodes and skin metastases.

n all samples, lymphocytes and tumor nuclei form the majority
f nuclei. 

The tissue distribution for the tr aining, pr eliminary, and fi-
al test sets is visualized in Fig. 3 . In primary samples, more
umor al str oma is pr esent compar ed to metastatic samples.
he epidermis and necr otic ar ea ar e underr epr esented in both
atasets. 

A detailed description of the dataset creation process can be
ound in the Methods section. 
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Figure 2: Distribution of nuclei and sampled tissue in the PUMA dataset for primary melanoma regions of interest and metastatic melanoma regions 
of interest stratified according to metastasis location. The primary samples are depicted as the last row of each figure graph. 

Figure 3: Distribution of tissue class area in the PUMA dataset. 
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Analyses 

To set a baseline for the PUMA dataset, we performed 4 ex- 
periments . T he first experiment was semantic segmentation 

of the tumor, stroma, epidermis, blood v essel, and necr otic 
tissue classes . T he second experiment was nuclei segmenta- 
tion with 3 nuclei classes: tumor, lymphocyte, and other. For 
he thir d experiment, w e performed nuclei segmentation with
ll nuclei classes: tumor, lymphocyte, plasma cell, histiocyte,
elanopha ge, neutr ophil, str oma, endothelium, epithelium, and 

 poptosis. Finall y, w e sho w an incor por ation of tissue pr edic-
ions to update the nuclei predictions as a form of heuristic
ostprocessing. 
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We used 5-fold cr oss-v alidation while tr aining and r eport the
 esults of infer ence on the 94 ROIs of the final independent test
et used in the PUMA challenge. In addition, we report the results
f the inter- and intr aobserv er a gr eement as performed on 12 ran-
om samples. 

issue segmentation 

n the first experiment, semantic segmentation of tissue was per-
ormed with a nnU-Net model and a Mask2Former model with
he bac kbone r eplaced by the UNI pathology foundation model
 32–34 ]. The goal of this analysis was to assess to what extent se-

antic segmentation of different tissue classes is possible with
tate-of-the-art segmentation models and to e v aluate how this
orrelates with intra- and interobserver agreement. For evalua-
ion of segmentation, the Dice score was computed for each class
er sample and av er a ged acr oss all samples (r eferr ed to as av er-
 ge Dice). Additionall y, a Dice scor e was calculated per class on
 concatenated sample. To create this sample, all images were
ombined along 1 axis, resulting in a single large image with
he width of 1 image and a length equal to the number of im-
ges × the height of 1 image . T his is referred to as the micro
ice. 
Dice scores are visualized in Table 1 , and a visualization of the

egmentation is presented in Fig. 4 . The nnU-Net model achieved
he highest ov er all Dice scor es but could not r ecognize necr osis in
he dataset. While Mask2Former Dice scores were lo w er, it could
etect a small part of the necrosis area. When compared to the
ice score of intra- and interobserver agreement, the Dice scores

or both models were low in the stroma, epidermis, blood vessel,
nd necrosis classes. 

egmentation of 3 nuclei classes 

n the second experiment, nuclei segmentation was performed
or 3 classes: tumor nuclei, lymphocytes (including plasma nu-
lei), and other. The goal of the analysis was to e v aluate the us-
bility of existing models in skin and/or melanoma histopathol-
gy, compare them with models trained on our dataset, and as-
ess how this correlates with intra- and inter observ er a gr eement.
or this experiment, we compared the NN192 model, Hover-Net
nd Hover-NeXt trained on the PanNuke dataset (a pan-tissue
ataset that includes skin tissue), and Hover-Net and Hover-NeXt
rained on our dataset. Among all evaluated models, the Hover-
eXt model trained on the PUMA dataset, using 3 classes as in-
ut for tr aining, demonstr ated the highest performance, with a F 1 
core for lymphocytes close to the intra- and interobserver agree-
ent. 
The NN192 model, a melanoma-specific model trained to rec-

gnize lymphoc ytes, sho w ed the lo w est performance . T he Ho ver-
et and Hover-NeXt models trained on the PanNuke dataset were
ore successful in detecting lymphoc ytes. Ho w ever, the PanNuke-

r ained Hov er-Net model tended to misclassify tumor nuclei as
 ymphocytes. Models tr ained on the PUMA dataset, logicall y, had
etter performance on e v aluation of the test dataset. Results are
isplayed in Table 2 , and an example of the model predictions is
hown in Fig. 5 . 

lassification of all nuclei classes 

n the third experiment, segmentation was performed for all nu-
lei classes within the PUMA dataset using Hover-Net and Hover-
eXt. In this anal ysis, we e v aluated to what extent Hover-Net
nd Hov er-NeXt ar e able to corr ectl y segment all nuclei classes
resent in the dataset. In addition, this analysis aimed at estab-
ishing intra- and interobserver agreement for all classes. 

Both Hover-Net and Hover-Next sho w ed lo w performance in
erms of segmentation of all noncommon classes (Table 3 ). In ad-
ition, the F 1 scores for tumors and lymphoc ytes w ere lo w er when
ompared to the same models trained with 3 nuclei classes. In the
isual r epr esentation (Fig. 6 ), the decr eased ca pacity of the Hov er-
eXt model of segmenting difficult cases is clearly visible. 
Inter- and intr aobserv er F 1 scor es ar e lo w er due to disa gr ee-

ent in the classification of plasma cells , melanophages , stroma
uclei, and endothelium. In the 12 r andoml y selected samples
sed to assess intra- and inter observ er a gr eement, plasma cells
nd melanophages had a low incidence; 2 plasma cells and 14
elanopha ges wer e pr esent (Table 4 ). Str oma, endothelium, and

istiocytes had a higher incidence but were still subject to sub-
tantial disa gr eement. 

euristic postprocessing: combining tissue and 

uclei predictions 

n the fourth experiment, we used the tissue mask as predicted by
he nnU-Net model to impr ov e nuclei segmentation. If a nucleus
enter was placed inside a tissue mask of the epidermis, the nuclei
as classified as an epidermal nuclei. In addition, if a nucleus was
resent inside the blood vessel class, the nucleus was classified as
n endothelial nucleus. In Hover-Net and Hover-NeXt, the av er a ge
1 scor e incr eased fr om 0.27 and 0.27 to 0.31 and 0.32, r espectiv el y.
his is mainly due to an increase in the F 1 score for epithelium

Table 5 ). Results for postprocessing are visualized in Fig 7 . 

iscussion 

n the present study, we show the methodology used to create the
UMA dataset, which is the first melanoma-specific nuclei and tis-
ue dataset. In addition, we provide baseline benchmarks in which
 e sho w that the Hover-NeXt model trained with 3 classes (tumor,

ymphocyte, and other) can detect lymphocytes almost on hu-
an inter observ er-le v el performance. Finall y, w e sho w an exam-

le of the integration of tissue and nuclei annotations leading to
mpr ov ed nuclei segmentation. We belie v e that further impr ov e-

ent of deep learning models through this integration is possible,
nd ther efor e, the dataset will be used to organize the PUMA chal-
enge. 

Earlier studies regarding nuclei segmentation have been per-
ormed with multiple tissue datasets [ 17 , 27 ] or other tissue-
pecific datasets in, for example, breast cancer [ 35 ] and colon can-
er [ 36 ]. Ho w e v er , thus far , no melanoma-specific dataset is avail-
ble. Since melanocytes and melanoma cells can mimic other
ell types, such as lymphocytes and stroma cells, models created
ith this dataset are not fully applicable for use in melanoma
istopathology [ 13 , 18 ]. Models created with this dataset will be
sable for the creation of prognostic and/or pr edictiv e biomark-
rs in melanoma histopathology. 

The PUMA dataset combines tissue and nuclei segmentation.
arlier studies, such as the OCELOT challenge [ 37 ] and the Mu-
ILs model [ 38 ], sho w ed that incor por ating tissue masks in nu-
lei prediction increased the capability of models that detect ei-
her tumor nuclei or TILs. With this dataset, the goal is to see
hether implementation of tissue masks can impr ov e m ulticlass
uclei segmentation for classes such epidermis, endothelium, tu-
or, and immune cell subsets. In this article, we demonstrated

his by means of a simple postprocessing technique. Ho w ever,
ther solutions might be passing information from a tissue seg-
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Table 1: Av er a ge and micr o-av er a ge Dice scor es of semantic segmentation of tissue ov er all samples. Results ar e displayed for a nnU-Net 
model and a Mask2Former model with the backbone replaced by the UNI pathology foundation model. For comparison, DICE scores of 
intra- and interobsever agreement are displayed. 

Class Tumor [95% CI] Stroma [95% CI] 
Epidermis 
[95% CI] 

Blood vessel 
[95% CI] 

Necrosis 
[95% CI] 

Average [95% 

CI] 

nnU-Net Av er a ge 0.87 [0.83–0.90] 0.59 [0.52–0.68] 0.91 [0.86–0.96] 0.54 [0.45–0.63] 0.93 [0.87–0.98] 0.77 [0.73–0.80] 
Micr o-Av er a ge 0.91 [0.88–0.94] 0.78 [0.71–0.84] 0.69 [0.42–0.86] 0.35 [0.23–0.47] 0.01 [0.00–0.04] 0.55 [0.54–0.55] 

Mask2-Former 
(UNI backbone) 

Av er a ge 0.81 [0.76–0.86] 0.47 [0.39–0.55] 0.90 [0.85–0.96] 0.46 [0.36–0.57] 0.92 [0.86–0.97] 0.71 [0.68–0.75] 

Micr o-Av er a ge 0.86 [0.82–0.89] 0.62 [0.52–0.71] 0.63 [0.34–0.84] 0.01 [0.00–0.02] 0.09 [0.00–0.23] 0.44 [0.43–0.44] 
Intraobserver Av er a ge 0.96 [0.93–0.99] 0.89 [0.72–0.99] 1.00 [0.99–1.00] 0.86 [0.75–0.95] 0.97 [0.92–1.00] 0.94 [0.90–0.97] 

Micr o-Av er a ge 0.98 [0.95–0.99] 0.94 [0.90–0.97] 0.98 [0.98–1.00] 0.68 [0.52–0.79] 0.91 [0.70–1.00] 0.90 [0.90–0.91] 
Interobserver Av er a ge 0.97 [0.95–0.98] 0.89 [0.73–0.99] 1.00 [0.99–1.00] 0.72 [0.50–0.90] 0.97 [0.91–1.00] 0.91 [0.87–0.95] 

Micr o-Av er a ge 0.98 [0.97–0.99] 0.94 [0.89–0.97] 0.97 [0.96–1.00] 0.73 [0.59–0.83] 0.90 [0.67–1.00] 0.90 [0.90–0.90] 

Figur e 4: T he visual r esult of semantic segmentation of tissue with the gr ound truth, the r esult of the nnU-Net model, and the Mask2Former model. 

Table 2: F 1 scores for segmentation of tumor, lymphocyte, and other nuclei categories. Results are shown for intra- and interobserver 
a gr eement, the NN192 model, Hover-Net and Hover-NeXt trained on the PanNuke dataset, and Hover-Net and Hover-NeXt trained on the 
PUMA dataset. 

Tumor [95% CI] 
Lymphocyte 

[95% CI] Other [95% CI] Micro F 1 [95% CI] 
Average F 1 

[95% CI] 

Intraobserver agreement 0.92 [0.90–0.94] 0.85 [0.80–0.89] 0.82 [0.77–0.86] 0.89 [0.89–0.89] 0.86 [0.85–0.87] 
Inter observer a greement 0.89 [0.87–0.91] 0.83 [0.79–0.88] 0.76 [0.71–0.81] 0.85 [0.85–0.85] 0.83 [0.82–0.84] 
NN192 0.59 [0.59–0.60] 0.11 [0.10–0.11] 0.13 [0.12–0.14] 0.46 [0.46–0.46] 0.28 [0.27–0.28] 
Hover -Net (P anNuke) 0.74 [0.74–0.75] 0.57 [0.55–0.58] 0.37 [0.36–0.38] 0.64 [0.64–0.64] 0.56 [0.56–0.56] 
Hover -NeXt (P anNuke) 0.68 [0.67–0.68] 0.68 [0.67–0.70] 0.38 [0.37–0.39] 0.61 [0.61–0.61] 0.58 [0.58–0.58] 
Hover-Net (PUMA) 0.74 [0.73–0.74] 0.69 [0.68–0.69] 0.41 [0.41–0.42] 0.66 [0.66–0.66] 0.61 [0.61–0.61] 
Hover-NeXt (PUMA) 0.81 [0.81–0.81] 0.80 [0.79–0.81] 0.50 [0.49–0.51] 0.76 [0.76–0.76] 0.70 [0.70–0.71] 

 

i
c  

i  

N  

T  

i  

n  

g  

a  

e  

o  

b  

i
p  

PUMA dataset itself. 

D
ow

nloaded from
 https://academ

ic.oup.com
/gigascience/article/doi/10.1093/gigascience/giaf011/8024182 by U

trecht U
niversity O

R
IL user on 10 April 2025
mentation model dir ectl y to a nuclei segmentation model or mak- 
ing use of multiple sequential models [ 37 , 39 ]. To make use of the 
creativity and knowledge of the deep learning community, we ini- 
tiated the PUMA challenge to assess how precise segmentation of 
melanoma samples can become. Participants in the PUMA chal- 
lenge can choose to participate in 2 tracks. For track 1, the out- 
put needs to be nuclei segmentation for 3 classes (tumor, lympho- 
cyte, and other) and tissue segmentation for all classes, whereas 
in tr ac k 2, participants need to segment all nuclei classes and tis- 
sue segmentation for all classes. 

With the dataset, we also aimed to assess the performance of 
existing models usable in skin and/or melanoma histopathology. 
Due to unavailability, we were unable to assess the LUNIT scope 
IO model. Ho w e v er, w e w er e able to e v aluate the NN192 algo-
rithm, which is used in multiple studies in which lymphocytes 
n melanoma histopathology were associated with a decreased 

hance of recurrence [ 40 ] and an increased chance of respond-
ng to imm une c hec kpoint inhibition ther a py [ 7 ]. Sur prisingl y, the
N192 model sho w ed the lo w est ca pability to detect l ymphocytes.
his might be due to variations in staining and scanners used

n the studies performed earlier and the inability of the tech-
iques used to correct for this . T he Ho ver-Net and Hover-NeXt al-
orithm arc hitectur es can compensate for this by extensive data
ugmentation in the training (Ho ver-Net, Ho ver-NeXt) and infer-
nce sta ges (Hov er-NeXt), accounting for better r esults with the
ut-of-the-box model trained on the PanNuke dataset. Ho w ever,
oth models trained on the PanNuke dataset still sho w ed dimin-

shed performance in more difficult to segment melanoma sam- 
les when compared to the Hover-NeXt model trained on the
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Figure 5: Visual results of segmentation of tumor nuclei, lymphocytes, and other nuclei. Results are shown for the NN192 model, the Hover-Net and 
Hover-NeXt model trained on the PanNuke dataset, and the Hover-Net and Hover-NeXt model trained on the PUMA dataset. 

Table 3: F 1 scores for intra- and interobserver agreement and model segmentation in all classes 

Tumor Lymphocyte Plasma cell Histiocyte Melanophage Neutrophil 

Intraobserver 0.92 [0.90–0.94] 0.85 [0.80–0.89] 0.0 [0.0–0.0] 0.60 [0.53–0.67] 0.59 [0.26–0.97] 0.77 [0.61–0.93] 
Interobserver 0.89 [0.87–0.91] 0.83 [0.79–0.88] 0.0 [0.0–0.0] 0.44 [0.37–0.51] 0.28 [0.00–0.64] 0.68 [0.50–0.85] 
Hover-Net (PUMA) 0.73 [0.72–0.73] 0.67 [0.66–0.67] 0.07 [0.06–0.09] 0.27 [0.26–0.27] 0.31 [0.29–0.33] 0.15 [0.13–0.18] 
Hover-NeXt 
(PUMA) 

0.70 [0.70–0.71] 0.71 [0.70–0.71] 0.10 [0.09–0.11] 0.33 [0.32–0.34] 0.26 [0.25–0.28] 0.06 [0.03–0.08] 

Stroma Endothelium Epithelium Apoptosis Micro F 1 Average F 1 
Intraobserver 0.51 [0.37–0.64] 0.71 [0.59–0.84] 0.92 [0.77–1.07] 0.68 [0.57–0.79] 0.86 [0.86–0.86] 0.65 [0.61–0.70] 
Interobserver 0.34 [0.27–0.41] 0.45 [0.34–0.57] 0.91 [0.77–1.05] 0.60 [0.51–0.70] 0.80 [0.80–0.80] 0.54 [0.50–0.58] 
Hover-Net (PUMA) 0.31 [0.29–0.32] 0.15 [0.14–0.17] 0.13 [0.12–0.14] 0.22 [0.21–0.24] 0.61 [0.61–0.61] 0.27 [0.27–0.28] 
Hover-NeXt 
(PUMA) 

0.21 [0.20–0.22] 0.24 [0.23–0.25] 0.04 [0.03–0.05] 0.04 [0.04–0.05] 0.61 [0.61–0.61] 0.27 [0.27–0.27] 
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A strength of this study is the annotation process by a med-
cal expert and an expert dermatopathologist using context ROI
o mor e accur atel y segment and classify n uclei. In ad dition, we
alidated the annotations with a second independent patholo-
ist (G.B.). From this, it became clear that there is a low inter-
bserv er a gr eement in the less common classes, suc h as his-
iocytes , melanophages , and str oma. Melanopha ges ar e a sub-
ype of histocytes that hav e pha gocytosed melanin, r esulting in
 more pigmented appearance. Ho w ever, there is a continuum
etween the cells, which could explain the difference in clas-
ification. Stroma cells, in addition, are present just like his-
iocytes in the tissue around the tumor, and it is not always
ossible to distinguish them from histiocytes on H&E-stained
lides. 

A second strong point of the study is the manual selection of
OIs . T his allowed us to focus on immune cell subsets and less
ommon nuclei and tissue classes. In addition, we tried to in-
lude regions with artifacts or much pigmentation. We believe this
akes the dataset and the models more applicable to whole-slide
ma ges, whic h by natur e hav e artifacts, unshar p r egions, and, es-
ecially in the case of melanoma, pigmented more difficult to seg-
ent regions. 
A downside of the dataset and the study is that all samples

re, due to privacy regulations, from 1 scanner and a single hos-
ital. Ho w e v er, 76 of 310 cases are consultation cases from re-
err al hospitals, alr eady leading to substantial staining v ariation.
n addition, we belie v e that thr ough stain normalization and
ata augmentation, models can become less sensible to domain-
dversarial effects . T his makes models tr ained on this dataset a p-
licable to whole-slide ima ges fr om other hospitals and scanner
ypes. 

Our study did not demonstrate high performance in segmen-
ation of all nuclei classes . T his is partly due to the used models
osing discriminative ability by introducing more classes. In addi-
ion, some classes are less common in the dataset such as apop-
osis or histiocytes . Furthermore , there is overlap between classes
uch as melanophages and histiocytes. We believe that further
mpr ov ement of models is possible and hope that through lever-
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Figure 6: Visual results of segmentation of all nuclei classes. Results are shown for the Hover-Net and Hover-NeXt model trained on the PUMA dataset. 
In ROI 1, neither of the models is able to classify tumor nuclei and lymphocytes. In ROI 2, model performance is better with identification of tumor 
nuclei and endothelium nuclei. 

Table 4: Nuclei count in intra- and interobserver ground-truth dataset consisting of 12 samples 

Tumor Lymphocyte Plasma cell Histiocyte Melanophage 

Nuclei count 3,394 1,242 2 353 14 
Neutrophil Stroma Endothelium Epithelium Apoptosis 

Nuclei count 103 110 161 173 196 
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aging the knowledge of the deep learning community in the PUMA 

challenge, this will become more clear. 
In conclusion, we created a novel dataset with tissue and nu- 

clei segmentations in advanced cutaneous melanoma. With this 
dataset, w e sho w ed that deep learning–based lymphocyte seg- 
mentation can ac hie v e performance le v els close to those of hu- 
man inter observ er a gr eement. In addition, we demonstr ated that 
it is possible to more accurately segment nuclei classes by incor- 
por ating tissue pr edictions. Ho w e v er, we belie v e that further im- 
pr ov ement is possible by further integration of tissue and nuclei 
segmentation. Future work in the PUMA challenge will demon- 
strate to what extent segmentation of different nuclei can be im- 
pr ov ed. 

Potential Implications 

The PUMA dataset and the deep learning models created with this 
dataset can be used for biomarker generation in the treatment 
of melanoma. Thus far, it is known that lymphocytes have pre- 
dictiv e v alue for melanoma r ecurr ence and imm une c hec kpoint 
inhibition treatment response [ 6 , 7 , 41 ]. Ho w ever, this is done ei- 
ther by manual scoring or scoring by automated models, which 

are not generalizable to new unseen tissue and scanners. With 

this public dataset and the generalizable deep learning models 
e v eloped fr om it, the next step will be to tr anslate these mod-
ls into clinical applications . T his will result in more personalized
r eatment plans, suc h as de-escalation of imm une c hec kpoint in-
ibition ther a py in patients with advanced melanoma or a less

ntensiv e follow-up r egimen in patients with primary melanoma.
ext to the assessment of TILs as an explainable biomarker, this

tudy will also enable future biomarker discovery studies through 

he assessment of other nuclei and tissue types. 
In addition, this study adds a new step to w ar d further im-

r ov ement of nuclei segmentation deep learning models in H&E-
tained histological slides by combining tissue segmentation 

odels into multiclass nuclei segmentation models . T his process
s closer to how a pathologist e v aluates histological slides and
as already resulted in improved nuclei segmentation benchmark 
cores. 

ethods 

a taset gener a tion 

or the dataset, digitized melanoma whole-slide H&E-stained im- 
 ges gener ated thr ough r egular dia gnostic pr ocedur es wer e used
rom the archive of the UMC Utrecht. All slides were scanned with
 Nanozoomer XR C12000–21/–22 (Hamamatsu Photonics; Hama- 
atsu) at 40 × magnification with a resolution of 0.23 μm per
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Table 5: F 1 scores for heuristic postprocessing of the Hover-Net and Hover-NeXt output compared with their non-postprocessing output 

Tumor Lymphocyte Plasma cell Histiocyte Melanophage Neutrophil 

Hover-Net (PUMA) 0.73 [0.72–0.73] 0.67 [0.66–0.67] 0.07 [0.06–0.09] 0.27 [0.26–0.27] 0.31 [0.29–0.33] 0.15 [0.13–0.18] 
Hover-Net 
(PUMA—postprocessed) 

0.73 [0.73–0.73] 0.67 [0.66–0.67] 0.07 [0.05–0.08] 0.27 [0.26–0.27] 0.32 [0.30–0.33] 0.15 [0.12–0.17] 

Hover-NeXt (PUMA) 0.70 [0.70–0.71] 0.71 [0.70–0.71] 0.10 [0.09–0.11] 0.33 [0.32–0.34] 0.26 [0.25–0.28] 0.06 [0.03–0.08] 
Hover-NeXt 
(PUMA—postprocessed) 

0.71 [0.71–0.71] 0.71 [0.70–0.71] 0.10 [0.09–0.11] 0.33 [0.32–0.34] 0.27 [0.25–0.28] 0.06 [0.04–0.08] 

Stroma Endothelium Epithelium Apoptosis Micro F 1 Average F 1 
Hover-Net (PUMA) 0.31 [0.29–0.32] 0.15 [0.14–0.17] 0.13 [0.12–0.14] 0.22 [0.21–0.24] 0.61 [0.61–0.61] 0.27 [0.27–0.28] 
Hover-Net 
(PUMA—postprocessed) 

0.31 [0.29–0.32] 0.2 [0.19–0.21] 0.44 [0.42–0.46] 0.22 [0.21–0.24] 0.62 [0.62–0.62] 0.31 [0.30–0.31] 

Hover-NeXt (PUMA) 0.21 [0.20–0.22] 0.24 [0.23–0.25] 0.04 [0.03–0.05] 0.04 [0.04–0.05] 0.61 [0.61–0.61] 0.27 [0.27–0.27] 
Hover-NeXt 
(PUMA—postprocessed) 

0.21 [0.20–0.22] 0.25 [0.24–0.26] 0.52 [0.50–0.55] 0.05 [0.04–0.06] 0.62 [0.62–0.62] 0.32 [0.32–0.32] 

Figure 7: Visual results of heuristic postprocessing. For clarification, the ground truth and original predictions of Hover-Net and Hover-NeXt are 
displayed. 
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ixel. Out of 310 cases in the dataset, 76 are consultation cases
r om r eferr al hospitals or gener al pr actitioners, leading to v aria-
ion in used staining pr otocols. Fr om eac h slide, a 40 × ma gnified
OI of 1,024 × 1,024 pixels was selected for annotation. In addi-
ion, a context ROI of 5,120 × 5,120 pixels was sampled to provide
nformation about the broader context for the annotation process.
election was done by a trained medical expert (M.S.) and subse-
uentl y v erified by an expert dermatopathologist (W.B.). Manual
OI selection ensured diverse tissue and nuclei types and the in-
lusion of more difficult to segment areas due to blurring, pigmen-
ation, and scanning artifacts. 

Nuclei segmentations wer e gener ated with Hover-Net pre-
rained on the PanNuke dataset [ 16 , 17 ]. Manual annotation ad-
ustment was performed by author M.S. using QuPath with the
ollowing nuclei categories: tumor, str oma, v ascular endothelium,
istiocyte , melanophage , lymphocyte , plasma cell, neutrophil,
poptotic, and epithelium [ 30 ]. Annotation categories were based
n earlier datasets. In addition, we chose categories based on pos-
ible pr edictiv e v alue. All annotations wer e c hec ked and corr ected
here needed by a dermatopathologist (W.B.). Intra- and interob-

erv er a gr eement (b y pathologist G.B.) w er e determined on 12 r an-
omly selected ROIs. 

Tissue segmentations were created manually with QuPath by
uthor M.S. using the following categories: tumor, stroma, epi-
ermis , necrosis , blood vessel, and background. Annotation cat-
gories are based on the approach used by Hwang et al. [ 15 ],
ho segmented TILs in tumor and stroma areas, and the guide-

ines from the International Immuno-Oncology Biomarker Work-
ng Group [ 42 ]. Annotations are checked and corrected when
eeded by a dermatopathologist (W.B.). Intra- and interobserver
 gr eement (by pathologist G.B.) were determined on 12 r andoml y
elected ROIs to ensure the inclusion of all tissue types. 
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Benchmark models 

Nuclei segmentation 

To establish baseline nuclei segmentation benchmarks, we per- 
formed nuclei segmentation for 2 sets of experiments . T he first 
experiment compares models that output 3 nuclei categories: tu- 
mor, lymphocyte, and other. The second experiment is an analy- 
sis of the segmentation of all individual nuclei categories. Model 
training was performed with 5-fold cr oss-v alidation on the pub- 
lic training dataset without adjusting training parameters or data 
augmentation of the algorithm used. Inference was performed on 

the 94 ROIs of the final hidden test set of the PUMA challenge . T he 
remaining 10 ROIs will be used in the PUMA challenge for sanity 
c hec king of submitted models. 

For the first experiment, the following models were compared: 
NN192, Hov er-Net tr ained on the P anNuke dataset, Hov er-Net 
trained on the PUMA dataset, Hover-Next trained on the PanNuke 
dataset, and Hov er-Next tr ained on the PUMA dataset [ 16 , 17 , 41 ,
43 ]. The NN192 model outputs 4 categories: tumor, lymphocytes,
str oma, and other. Fr om this output, the str oma and other cate- 
gories wer e mer ged into one other category. The models trained 

on the PanNuke dataset classify nuclei into 5 categories: neoplas- 
tic, nonneoplastic epithelial, inflammatory, connective, and apop- 
totic. For the benchmark comparison, neoplastic and inflamma- 
tory nuclei were used; nonneoplastic epithelial, connective, and 

a poptotic wer e mer ged into the other category. For training on 

the PUMA dataset, the plasma cell and lymphocyte categories 
wer e mer ged into a single lymphocyte category, and the remaining 
classes were combined into the other category. For the second ex- 
periment, Ho ver-Net and Ho ver-NeXt were trained on all samples 
and compared. 

For the calculation of the F1 score, the center distance between 

the predicted nuclei and the ground-truth nuclei was used. For 
eac h gr ound-truth nucleus, pr edictions within 15 pixels (3.3 μm) 
were identified. This radius is smaller than the average size of lym- 
phocytes, which form the smallest nuclei in the dataset. Match- 
ing was performed based on the highest pr edictiv e scor e (if av ail- 
able) or the shortest distance. After matching, the ground truth 

was censored until all ground-truth nuclei were either matched 

or classified as a false negative. Using the identified true positives,
false positives, and false negativ es, pr ecision (all correct predic- 
tions divided by all predictions) and recall (all correct predictions 
divided by all ground-truth nuclei) were calculated. The class F1 
score was computed as the harmonic mean of precision and re- 
call, r anging fr om 0 to 1. Finally, to compare models, micro F 1 (ag- 
gregation of true positive, false positive, and false negetative over 
all classes, follo w ed b y F1 score calculation) and Av er a ge F 1 (the 
av er a ge of class F 1 scores) were calculated [ 44 ]. Results are shown 

with a 95% confidence interv al, whic h is calculated through boot- 
str a pping the samples. 

Tissue segmentation 

For tissue segmentation, nnU-Net and Mask2Former were used to 
establish baseline benchmarks [ 32 , 34 ]. For training of nnU-Net,
the same 5-fold cr oss-v alidation was used to create an ensemble 
model. Mask2Former was pr etr ained on the COCO instance seg- 
mentation task using a Swin Transformer backbone. Images were 
resized to 512 × 512 pixels before loading into the model. For our 
experiment, we replaced the backbone with the UNI pathology 
foundation model, which is better able at feature extraction from 

H&E-stained histopathology, after which we fine-tuned the model 
on the whole training dataset [ 33 , 34 , 45 ]. Both models were used 

for inference on the final hidden test set from the PUMA challenge.
Both models and intra- and interobserver agreement were eval- 
ated using the Dice score . T he Dice score is a harmonic mean
etween 0 and 1, in which 1 is a perfect segmentation prediction,
nd 0 is no corr ect pr ediction. This can r esult in inflated high av-
r a ge Dice scores if a tissue class is present in only a few samples,
s the Dice score is 1 in the case of a correct absent prediction. To
ccommodate this, we calculated not only the av er a ge Dice score
ver all samples but also the micr o-av er a ge Dice. This is the Dice
core for all predictions concatenated along 1 axis, resulting in a
rediction mask of 1,024 × 96.256 pixels. Results are shown with
 95% confidence interv al, whic h is gener ated thr ough bootstr a p-
ing the sample results. 

ostprocessing 

or postprocessing nuclei, centers were calculated using the Point 
unction from the Python Shapely library. From these points, the
patial location inside a tissue mask prediction was determined 

y using the GeoPandas Python Package. Based on this location,
he classification label of the nuclei was adjusted. 

vailability of Source Code and 

equirements 

roject name: PUMA 

Pr oject homepa ge: https://puma.gr and-c hallenge.or g/ [ 28 ] 
Operating system: Platform independent 
Pr ogr amming langua ge: Python 3.10 
Other r equir ements: Hov er-Net [ 16 , 46 ], Hov er-NeXt [ 43 ] tr ain-

ng code [ 47 ] and inference code [ 48 ], the NN192 [ 41 ] classification
lgorithm [ 49 ], QuPath 0.1.2 [ 30 , 50 ], QuPath 0.5.0 [ 30 , 51 ], nnU-Net
 32 , 52 ] and Mask2Former [ 34 , 53 ] 

The code and weights for the PUMA challenge inference base-
ine solutions and metric calculation can be found in Zenodo [ 54 ]
nd GitHub repository for the following, all of whic h hav e been
rc hiv ed in Software Heritage: Evaluation Track 1 [ 55 ], Evaluation
r ac k 2 [ 56 ], Baseline Tr ac k 1 [ 57 ], and Baseline Tr ac k 2 [ 58 ]. 

QuPath scripts to import .geoJSONs for viewing and exporting 
nnotations as masks can be found in Zenodo [ 54 ]. 

No c hanges wer e made to the training code for the used algo-
ithms. 

License: The PUMA codebase is licensed with a CC0 1.0 license
dataset) and the MIT license. 

Restrictions to use by nonacademics: Both the CC0 1.0 li-
ense (dataset) and the MIT license (codebase) allow for non-
ommercial use. License terms can be r e vie wed for details. 

bbreviations 

&E: hematoxylin and eosin; PUMA: Panoptic Segmentation of 
Uclei and tissue in advanced MelanomA; ROI: region of interest;
IL: tumor infiltrating lymphocyte. 

eclar a tion 

he Biobank Research Ethics Committee (TCBio) UMC Utrecht 
onfirms that it has r e vie wed the r elease file in accordance with
he UMC Utr ec ht Biobank Regulations and all other a pplicable r eg-
lations and la ws . Based on the r equir ements as defined in these
egulations and la ws , the TCBio UMC Utrecht hereby issues an
 ppr ov al of the aforementioned dataset (r efer ence number TCBio
3-270/U-B). 

https://puma.grand-challenge.org/
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