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Abstract
Mohsmicrographic surgery (MMS) is the goldstandard technique for removing high-risk nonmelanoma skin cancers (NMSC);
however, intraoperative histopathological examination requires significant time, effort, and specialist expertise. The objective
of this study was to develop a deep learning model to detect basal cell carcinoma (BCC) and artifacts on Mohs slides. The
objective of this study was to develop a deep learning model to detect basal cell carcinoma (BCC) and artifacts on Mohs
slides. A total of 731 Mohs slides from 51 patients with BCC were used in this study, of which 91 contained tumor and 640
were classified as artifact. The dataset was used to train U-Net-based models to segment tumor and non-tumor regions on the
slides. The segmented patches were classified as tumor or non-tumor to generate predictions for wholeslide images (WSIs).
During segmentation, the tumor and artifact models achieved Dice scores of 0.70 and 0.67 and area under the curve (AUC)
values of 0.98 and 0.96, respectively. For tumor classification, the patch-level and slide-level AUCs on the test set were 0.98
and 0.91, respectively. We present an AI system that can detect tumor and artifact regions in Mohs slides with promising
performance. Deep learning can aid Mohs surgeons and dermatopathologists in making more accurate decisions.
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1 Introduction

Mohs micrographic surgery (MMS) is a precision-driven
technique for treating non-melanoma skin cancers (NMSC).
It employs a cyclic approach that begins with a minimal
tumor excision followed by the mapping of the excised tis-
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sue and immediate intraoperative microscopic examination
of the surgical margins. If remnant tumors are identified,
additional excisions are carried out at the exact locations, as
dictated by themap. This process repeats until all margins are
clear of tumor cells, ensuring total eradication of the tumor
while preserving asmuchhealthy tissue as possible. The tech-
nique is not primarily a histopathological diagnostic tool for
classifying skin tumors; rather, its value lies in identifying
residual tumor at surgical margins, thereby reducing the risk
of recurrence. Particularly effective for high-risk basal cell
carcinoma (BCC), one of the most common cancers world-
wide, MMS has become a gold-standard treatment.

However, a critical factor that determines the success
of MMS is the intraoperative histopathological examina-
tion, which is labor-intensive and time-consuming. This
drawback can impede the broader adoption of MMS, poten-
tially affecting patient outcomes. The rapid development of
machine learning technology holds promise in streamlining
the demanding tasks, including the microscopic examination
of Mohs slides. Deep learning, a subfield of machine learn-
ing, has shown remarkable capabilities in histopathological
image analysis, thereby offering prospects of automation and
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enhanced diagnostic and prognostic precision. Convolutional
neural networks (CNNs), for instance, have demonstrated
proficiency in tasks such as tumor detection, segmentation,
and classification [1, 2]. Moreover, recent strides in trans-
fer learning have allowed for the successful adaptation of
pretrained models to dermatology, resulting in better per-
formance and expedited training times [3, 4]. Generative
models, such as generative adversarial networks (GANs),
have also been used to mitigate limitations associated with
small labeled datasets in histopathology through data aug-
mentation and image synthesis [5].

In spite of these advancements, existing literature on
tumor and non-tumor area detection inMMS is sparse. Zon et
al. pioneered a patch-based segmentation model using 171
slides from 70 patients, which achieved an area under the
curve (AUC) value of 0.90 for slide-level classification of
BCC [6]. Nevertheless, the study was limited by reliance on
a single expert for labeling and by limited detail regarding
the statistical analysis. Similarly, Sohn et al. conducted a
study that yielded an AUC of 0.75, but it was hindered by
the use of a relatively small dataset [7]. Thus, there is a need
for a more comprehensive dataset annotated in consensus by
experts to support the robustness of the resulting algorithm.
Moreover, it is becoming increasingly clear that the devel-
opment of robust and reliable AI systems can help alleviate
the burden on experts and provide swift feedback for surgical
procedures.

In light of these considerations, this study aimed to
develop an AI model capable of detecting tumor and arti-
fact regions during the histopathological examination of
MMS using a multi-model approach. We leveraged U-Net
based deep learning models, known for their precision,
to detect tumor and non-tumor regions in MMS images.
We trained these models using 731 high-resolution MMS
slides, including 91 tumor-positive and 640 artifact (tumor-
negative) slides. Additionally, we computed specific metrics
to assess the model’s performance and reliability. The over-
arching intent of this study is to cultivate a synergy between
human expertise and AI in histopathology to optimize the
benefits and efficiency of MMS.

2 Methods

The dataset used in this retrospective study comprised hema-
toxylin and eosin (H&E)-stained histopathological slides
obtained during MMS procedures performed between 2013
and 2020 in the MMS Unit of the Department of Derma-
tology, Hacettepe University Faculty of Medicine, by an
ESMS-certified Mohs surgeon (G.E.). Mohs slides were
stored in the archives of the Department of Pathology, all of
which underwent routine intraoperative quality assessment
by the reporting dermatopathologist (O.G.) to ensure suit-

ability for complete surgicalmargin evaluation. ForAImodel
development, slides with variable quality and pronounced
artifactswere intentionally retained to increasemodel robust-
ness, provided that tissue structures and annotated regions
were sufficiently visible for expert annotation and digital pro-
cessing. Slides were considered unsuitable only when image
clarity, scanning quality, or tissue visualization was inade-
quate for reliable annotation or model training. Thus, the
necessary standards referred to technical suitability for digi-
tal image analysis rather than the absence of artifacts. These
H&E-stained frozen-section slides obtained during MMS
were digitized using anOlympusVS120 digital slide scanner
at ×40 magnification, anonymized, and saved in .vsi format
(S.A.). A total of 731 high-resolution whole-slide images
from51 patients were included. The authors (A.Y., D.T., F.Y.,
B.D.K., and R.V.) manually reviewed all slides in the dataset
to ensure that they met the necessary standards, such as ade-
quate image clarity, for AI model training. The initial dataset
consisted of very high-resolution images with a pixel size of
0.3939 µm. Themean slidewidth and height were 83,621 and
46,123 pixels, respectively. The mean file size was 2.85 GB,
and the total file size was 2,085 GB. Ethical approval was
obtained from the Institutional Review Board of Hacettepe
University (reference number: GO 21/1178, approval date:
05 April 2022). All methods were carried out in accordance
with relevant guidelines and regulations.

Annotation of the images was performed in consensus
by a senior dermatologist certified in Mohs micrographic
surgery (G.E.) and a senior dermatopathologist (O.G.), who
jointly reviewed the images and labeled the tumor regions
(red) and artifact/non-tumor regions (green) using QuPath
(version 0.4.2) [8], a digital pathology program. The com-
plementary expertise of the two annotators supported the
comprehensiveness and accuracy of the annotations.

For training of the deep learning model, 731 high-
resolution annotated slideswere cropped into smaller sizes to
omit empty regions and increase model performance, yield-
ing 91 tumor regions and 640 non-tumor regions. The dataset
specifications are shown in Table 1. The slide resolution
was downsampled by a factor of two before model train-
ing [9]. Experts (G.E. and O.G.) annotated tumor regions
in red color and non-tumor regions in green color across
the entire Mohs sections. After annotation, these areas were

Table 1 Dataset characteristics and patient-level split

Attribute Total Train Val. Test

Patients 51 36 8 7

Slides 731 536 103 92

Artifacts 640 472 91 77

Tumours 91 64 12 15
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Fig. 1 The workflow for tumor segmentation on histopathology slides
starts with collecting skin tissue from a patient, scanning it to obtain
whole slide images (WSIs), and annotating the images by experts. The
annotated images were preprocessed and the patches were extracted. A

U-Net artifact detection model segments artifacts in the input images,
and a U-Net tumor detectionmodel further processes the patches to seg-
ment tumor regions. The final output is a segmented image highlighting
tumor areas (red) and artifacts (green)

extracted and saved asmask images in separate .pngfiles. The
green channel was used to filter non-tumor regions, and the
red channel was used to filter tumor regions. These filtered
masks were then converted to grayscale and subsequently to
binary images to reduce computational load. The non-tumor
images were then resized to 1024 × 2048 pixels. Finally,
the mask images and corresponding histopathology images
were normalized to the range 0-1. These regions, along

with their labels, were used as ground truth during train-
ing and validation of our deep learning model. To enhance
the generalizability of themodel and prevent overfitting, data
augmentation techniques were applied to the patches using
random rotations, horizontal and vertical flips, and zooms.
An overview of the study is shown in Fig. 1.
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2.1 Deep neural networks andmodel training

For an efficient segmentation of tumor and artifacts, we
present a multi-model approach based on U-Net [10]. To
detect tumors and non-tumor regions, we deployed two
different U-Net architectures, a type of CNN designed
specifically for image segmentation tasks. The architec-
ture comprises an encoder that progressively reduces spatial
dimensions while increasing the number of feature channels
and a decoder that restores spatial resolution by combin-
ing high-level features with corresponding low-level encoder
features through skip connections. The final layer of the U-
Net model outputs a segmented image, where each pixel is
assigned a class label (tumor or non-tumor region).

Formodel training,weused the capabilities ofTensorFlow
library (version 2.10) to facilitate a streamlined data pro-
cessingworkflow on Python programming language (version
3.9.5), which allowed us to efficiently manage the dataset.
To prepare for model training and evaluation, we divided the
labeled data into three sets: the training, validation, and test
sets.The dataset was divided at the patient level into training,
validation, and test sets, comprising 36, 8, and 7 patients,
respectively, corresponding to approximately 70cohort. For
segmentation models, ResNet-34 architecture which is pre-
trained on ImageNet dataset was used as a down-sampling
part of U-Net architecture [11]. The segmentation models
were optimized usingAdam optimization algorithmwith ini-
tial learning rate of 2e-4 and ReduceLROnPlateau approach
that changes learning rate with its value of 0.2 when met-
rics do not increase for five epochs. The performance of
the U-Net model was evaluated on a separate test dataset
of image patches. Model training and optimization were per-
formed on a workstation equipped with an NVIDIAGeForce
RTX 3090 GPU, an Intel Core i7-11700KF CPU, and 128
GB of RAM. The first model segmented non-tumor regions.
To preserve relevant structures while maintaining computa-
tional efficiency, all input images were resized to 1024 ×
2048 pixels. This resizing approach was chosen to find a bal-
ance between maintaining essential anatomical details and
avoiding computational bottlenecks.

For the tumor segmentation model, 256 × 256- pixel
patches were extracted from the original images and cor-
responding masks. The original slide dimensions were
otherwise preserved. This patch-based strategy retained fine-
grained details while reducing the computational cost of
analyzing large histopathology images. As part of the patch
selection strategy, 256× 256 patcheswere extracted from the
whole-slide images. To reduce the predominance of empty
or non-informative background regions, 80% of patches
identified as non-tissue/background patches were randomly
excluded during training and validation. This exclusion was
not applied to expert-annotated tumor or artifact regions and
was not intended to train a separate tissue detection model.

The main segmentation pipeline included two U-Net-
based models: one trained for tumor segmentation and one
trained for artifact/non-tumor region segmentation. These
models were applied separately to identify their correspond-
ing target regions. In addition to the segmentationmodels, we
trained separate patch-level and slide-level tumor classifica-
tion models for comparison. For patch-level classification,
the same 256 × 256- pixel patches used for the tumor
segmentation model were used to train a ResNet-101 archi-
tecture pretrained on ImageNet. For slidelevel classification,
the whole-slide images were resized to 1024 × 2048 pixels
and used to train a separate ResNet-101 architecture pre-
trained on ImageNet. These classification models were not
combined with the segmentation models and were not part
of the ensemble; they were used only to compare tumor clas-
sification performance at the patch and slide levels with the
segmentation-based approach.

In addition to our custom non-tumor segmentation meth-
ods, we leveraged the nnUNet framework’s capabilities.
nnU-Net, a selfconfiguring method for deep learning-based
biomedical image segmentation, proved to be a valuable
component in our research pipeline. The nnU-Net frame-
work, designed by Isensee et al. [12], operates as a versatile
tool for automating the development of segmentation mod-
els in the context of medical imaging. By employing U-Net
architecture as its base, nnU-Net dynamically adapts its
architecture andhyperparameters basedon the characteristics
of the input data. This unique feature eliminates the need for
laborious manual tuning, streamlining the process of model
development.

2.2 Statistical analysis

To measure segmentation success, the Dice similarity coef-
ficient and AUC score were calculated. The Dice coefficient
is a quantitative statistic used to assess the degree of over-
lap between the predicted segmentation and the reference
annotation. We also evaluated the performance of our model
using the AUC score, which measures the model’s ability
to distinguish between positive and negative regions. An
AUC score of 1 denotes perfect discrimination, whereas a
score of 0.5 indicates performance no better than random
chance. For patch-level classification, AUC was calculated
using the standard binary classification approach based on
the predicted tumor probability for each 256 × 256-pixel
patch and its corresponding binary ground-truth label. The
ground-truth patch label was assigned according to the corre-
sponding tumormask: a patchwas considered tumor-positive
when at least 10
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Table 2 Performance metrics
for the segmentation and
classification models in tumor
and artifact analysis

Type Model AUC Score Dice Score

Tumor Segmentation U-Net (ResNet-34) 0.98 0.70

Artifact Segmentation nnU-Net 0.83 0.64

Artifact Segmentation U-Net (ResNet-34) 0.96 0.67

Patch-Level Tumor Classification ResNet-101 0.98 –

Slide-Level Tumor Classification ResNet-101 0.91 –

3 Results & discussion

In this study, we present a multi-model deep learning system
for tumor and artifact detection in MMS histopathological
slides. We evaluated the performance of our U-Net-based
deep learning models. Our approach demonstrated remark-
able success, as quantified by the Dice score and AUC. The
Dice score, a metric of overlap between the predicted and
ground truth segmentation, was used to assess the perfor-
mance of our model. In the test set evaluations, our model
achieved Dice scores of 0.70 and 0.67 for tumor and non-
tumor segmentation, respectively, alongside AUC scores of
0.98 and 0.96. These results indicate a high degree of over-
lap between the model’s predictions and the ground truth.
For comparison, the state-of-the-art AutoML segmentation
method nnU-Net achieved a Dice score of 0.64 and an
AUC of 0.83. These results underline the effectiveness of
our model in accurately detecting tumor and non-tumor
regions within histopathological images. For patch-level and
slide-level tumor classification, our model achieved AUC
scores of 0.98 and 0.91, respectively, on the test set. For
patch-level BCC detection, sensitivity was 83.6% (95%
CI, 79.5%–87.0%) and specificity was 97.3% (95% CI,
96.7%–97.9%). For slide-level BCC detection, sensitivity
was 86.7% (95% CI, 62.1%–96.3%) and specificity was
84.4% (95%CI, 74.7%–90.9%). These scores indicate a high
level of success in distinguishing tumor and artifact regions
from healthy tissue and each other. The results are summa-
rized in Table 2 and Figure 2.

Our study demonstrates the potential of a deep learning
system to assist clinicians with the histopathological analysis
of MMS slides. MMS is widely recognized as an effective
treatment for high-risk BCCs and SCCs, with high reported
cure rates [13]. MMS demonstrates excellent 5-year out-
comes, with recurrence rates of 0

This growing burden on clinicians underscores the need
for more widespread expertise in Mohs surgery. However,
its training is conducted in a very limited number of centers
and requires a long training period. Furthermore, the most
significant challenge in this field is learning to accurately
assess the tumor in pathology specimens rather than the sur-
gical removal. In this context, the application of deep learning
systems can be particularly transformative.

Addressing these challenges, AI can ensure that the eval-
uation process during surgery is conducted accurately and
effectively. The results of our study suggest that Mohs sur-
geonsmaybenefit fromAI in challenging caseswhere there is
uncertainty about the presence of a tumor. Incorrectly assess-
ing non-tumor regions as tumorsmay lead to the unnecessary
removal of healthy tissue, causing functional and cosmetic
losses.

To improve the model’s accuracy in detecting tumor
regions, we trained the AI using high-magnification patches
from digitized WSI of Mohs slides. This approach aligns
with clinical workflows, where pathologists begin with a low
magnification overview and then shift to high magnification
for detailed examination. By focusing on high-magnification
patches, the AI can better identify subtle morphological
changes critical for distinguishing tumor cells from sur-
rounding tissue. Additionally, a tissue detection algorithm
was employed to automatically identify and isolate tissue-
containing regions, enabling comprehensive slide analysis
while minimizing time spent on non-informative areas. This
combination of targeted training and efficient tissue detection
enables the automated analysis of a Mohs WSI.

Our study supports the idea that training the AI model
should be conducted not only for the tumor but also for poten-
tial non-tumor regions that can be confused with the tumoral
area. The segmentation of non-tumor regions, including
artifacts, can play a crucial role in enhancing the perfor-
mance of AI models for histopathological image analysis.
An ideal Mohs histopathological section should be free of
artifacts such as fragmentation, folding, bubbles, or holes.
However, real-life experience rarely allows perfectly ideal
slides. To address this, we also trained our model on slides
with pronounced artifacts that, while not meeting the quality
assessment standards, were valuable for training themodel to
recognize artifacts. The inclusion of such slides and artifact
segmentation as part of the multi-model approach aimed to
strengthen the model’s ability to distinguish between tumors
and artifacts. In our study, we chose a full image train-
ing approach to detect non-tumor regions. This decision
was based on the understanding that some non-tumor arti-
facts have more complex shapes, and preserving their spatial
information is essential, which patching might compromise.
The automatic detection of non-tumor artifacts can also be

123



696 Page 6 of 8 Signal, Image and Video Processing (2026) 20 :696

Fig. 2 Comparison of ground truth masks and predicted masks for
tumor and artifact segmentation on Mohs slides. The top and middle
rows display original images, corresponding ground truth masks, and

predicted masks. The bottom panel shows the ROC curve for tumor
classification, indicating a high area under the curve (AUC) of 0.98

part of a quality control system, ensuring the integrity of
histopathological images. Such systems can potentially save
examiners valuable time by alerting them to potential issues
with a slide before they commence their analysis [17]. Fur-
thermore, certain non-tumor artifacts might be mistaken for
pathological features, leading to potential misinterpretations
and incorrect diagnoses. Given that many machine learning
algorithms are sensitive to these artifacts, their mismanage-
ment can negatively affect the success of machine learning
models if they are not correctly handled. In addition to
non-tumor artifact detection, artifact annotation is also chal-

lenging because artifacts such as water droplets can occur on
both tumor and healthy tissue. This situation increases the
risk of false-positive and false-negative predictions during
AI model training. Accurate annotation, detection, and seg-
mentation of these artifacts are crucial for mitigating these
risks. Moreover, this process can be used as examples during
the training of residents and fellows to demonstrate common
pitfalls and issues in slide preparation. Thus, while the pri-
mary focus in digital pathology often lies in the segmentation
of biologically relevant features such as tumors, the iden-
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tification of non-tumor artifacts is equally vital to develop
successful AI systems for clinical practice.

There are significant opportunities for the application of
AI in histopathology, which offers substantial potential. The
automation of tasks traditionally performed by pathologists
can improve diagnostic performance, reduce workload, and
provide faster feedback during surgery [18]. This could, in
turn, lead to reduced healthcare costs and improved patient
outcomes [19]. Building on previous work, we developed a
model for tumor and artifact detection in MMS slides. Zon
et al. and Sohn et al. made important contributions to this
field [6, 7]. More recently, Tan et al. proposed a tile-based
classification model that generated probability-map overlays
forMohs-focusedmicroscopic views andvalidated themodel
prospectively [20]. Our study distinguishes itself from prior
works in several ways. We used two U-Net-based models for
tumor and non-tumor-region segmentation and evaluated a
ResNet-101 patch classifier. The internal test results showed
promising discrimination, although external generalizability
remains to be established.

Nevertheless, our study is not without limitations. First,
the dataset was derived from a single center and included 731
whole-slide images obtained from 51 patients who under-
went Mohs micrographic surgery performed by a single
surgeon. Although the number of WSIs was relatively large,
the limited number of patients, single-institution design, and
single-surgeon source may limit the generalizability of our
findings to other clinical settings, patient populations, tissue
processing protocols, scanning systems, and surgical prac-
tices. Future studies should validate the proposed model
using larger, multi-center datasets collected from multiple
surgeons and institutions. Second, although annotationswere
producedby consensus between twoexperts, theymay still be
subject to observer-related variability. Future studies should
include independent annotations from multiple experts fol-
lowed by adjudication or consensus. In addition, although
our model showed promising results, its clinical applicabil-
ity needs to be validated through prospective studies in a
real-world clinical setting. Future studies should specifically
evaluate real-time deployment during Mohs surgery, includ-
ing inference time, computational requirements, integration
with digital slide scanning workflows, local or cloud-based
processing strategies, and whether the model can provide
timely and efficient decision support during surgical margin
assessment.

Furthermore, although our model focused on BCC, future
work could expand the training set to include other NMSCs,
such as squamous cell carcinoma (SCC), to extend the
model’s applicability to additional tumor types. Additionally,
due to the rarity of mimicker lesions and incidental malig-
nancies in our dataset, our AI model was not specifically
trained to differentiate BCC from benign entities commonly
encountered during histopathological examination of Mohs

slides (e.g., basaloid follicular hamartoma, granulomatous
inflammation, syringoma) or incidental malignant lesions
(e.g., atypical fibroxanthoma, sebaceous carcinoma, Merkel
cell carcinoma) [21].While this constitutes a limitation of our
dataset and hence the resultingAImodel, future studies could
incorporate sufficient examples of these entities into their
datasets to discriminate betweenBCCand its histopathologic
mimickers.

4 Conclusion

Our study demonstrates the potential of a U-Net based
model in histopathological image analysis for both tumor
and non-tumor segmentation. This promising technology
could have important impacts on pathology, transforming
it from a predominantly manual practice to an automated
one, enhanced by the precision and efficiency of AI. While
considerable progress has been made, the field remains ripe
for further exploration. Future research could investigate the
identification and classification of additional skin cancers
in telepathology settings. Deep learning decision-support
systems could be developed to improve tumor-detection per-
formance and accelerate slide analysis. In addition, future
studies could evaluate and compare additional segmenta-
tion architectures beyond U-Net and nnU-Net to provide
broader benchmarking and identify the most suitable models
for Mohs histopathologic image analysis.
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