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INTRODUCTION

Cutaneous malignancies such as cutaneous melanoma and
aggressive non-melanoma skin cancers such as cutaneous

ABSTRACT

Background: Digital pathology has started to be invaded by the artificial intelligence (Al) and deep-
learning technologies, and evidence on how they perform in comparison with regarding their
diagnostic, metastatic-risk, and prognostic capabilities in various clinical environments is limited.
Objective: To explore the Al and deep-learning model performance in melanoma and cutaneous
squamous cell carcinoma (cSCC), especially sentinel lymph-node metastasis (SLNM), melanoma-nevus
classification, metastatic-risk prediction, survival stratification, and Al-assisted performance of a
pathologist.

Methods: A multicentre comparative study was performed based on histopathological and whole-
slide imaging (WSI) data, Anmol Hospital, and Mayo hospital, Lahore, Pakistan. Al methods were
convolutional neural networks, multiple-instance learning and CLAM, ResNet based models, hybrid
machine-learning models and gradient-boosting. Sensitivity, specificity, accuracy, AUROC and AUPRC
were used as measures of diagnostic performance. The metastatic-risk assessment was done by
logistic regression and prognostic assessment was done by C-index and survival-based assessment.
Paired diagnostic analysis was used to compare the performance of Al-assisted and unaided
pathologists.

Findings: Al models performed well on significant diagnostic and prognostic tasks. In predicting SLNM,
MISSLE hybrid model showed an AUROC of 0.950 (95% Cl: 0.933-1.000) and AUPRC of 0.958, which is
better than the clinical nomogram (AUROC 0.869). The C-index of the combined clinicopathological-
CNN model in ¢SCC was 0.92 (95% Cl: 0.87 0.95). Trans-MIL demonstrated an AUROC of 0.995,
sensitivity of 97.7 and specificity and accuracy of 96.2 with an ability to classify melanoma versus
nevus. The AI-RFM demonstrated an AUROC of 0.917 and was strongly associated with adverse
outcomes (OR 28.80, 95% Cl: 4.50-184.0; p < 0.001). Al assistance improved AUC from 0.68 to 0.81
among resident pathologists (p = 0.0057), from 0.84 to 0.93 among junior pathologists (p = 0.029),
and from approximately 0.89-0.90 to 0.93 among senior pathologists (p = 0.033-0.042).

Conclusion: Al and deep-learning methods showed great diagnostic and prognostic abilities in
cutaneous malignancies. Hybrid Al pipelines combining WSI, clinical, and histopathological data
presented specific opportunities, and Al-aided interpretation showed enhancements in the
performance of pathologists. Before routine clinical application, prospective multicentre external
validation is needed.

Keywords: Artificial intelligence, deep learning, digital pathology, melanoma, cutaneous squamous
cell carcinoma, sentinel lymph-node metastasis, whole-slide imaging, computational pathology,
machine learning.

squamous cell carcinoma (cSCC) is a rapidly increasing
global healthcare burden associated with great morbidity
and mortality'2. Proper microscopic analysis of biopsy
samples can be deemed as the clinical gold standard in
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providing a definitive diagnosis, pathological staging and
analysis of malignant potential. Nevertheless, traditional
dermatopathology utilizes visual inspection of light
microscopy with H&E stained sections, whose procedure
combines inter- and intraberrer diagnostic error sensitivity,
subjective threshold and tasks such as forecasting
aggressive biological activity or metastatic development?3.

The paradigm shift of skin to slide is a paradigm shift
in the field of cutaneous oncology that has become
possible due to digital pathology (DP) and high-resolution
whole-slide imaging (WSI). In high-throughput slide
scanning, complete tissue architectures are digitized, to
process gigapixel image files, with advanced artificial
intelligence (Al) models, which include convolutional
neural networks ( CNNs), clustering-constrained attention
multiple- instance learning ( CLAM ), and vision
transformers. These computerized systems do automatic
triage of images, cell classification and tissue segmentation
and sub-visual morphometric patterns that are not easily
perceived or quantified manually by human pathologists®
4

An underlying need in the treatment of cutaneous
neoplasms is the early recognition of the risk of metastasis,
including sentinel lymph node metastasis (SLNM), in-transit
or regional cutaneous metastasis, and distant visceral
recurrence. Conventional prognostication is based on
either alone clinical information (e.g., age of patient, their
sex) or alone histological variables (e.g., Breslow depth,
Clark level, ulceration, mitotic number, tumor size). The
recent development of computational pathology
emphasizes the paramount role of clinicopathological
correlation, with deep learning models combining, on a
global scale®**>, whole-slide morphometric features with
clinical metrics in order to produce high-quality risk
stratification in comparison to single-modality analyses.

Multi-step CNN models derived based on Al-derived
measures of primary cutaneous squamous cell carcinoma
(cSCC), including total tumor area, nuclear density
(complementary to dermatopathologist-scored variables
e.g., tumor diameter and differentiation grade), provide a
high concordance index of 0.92 and an AUROC of 0.917 to
predict rapid metastatic spreading and disease-specific
survival®’.

In  addition to diagnostic and prognostic
categorization, Al-based tools allow a specific
quantification of important tumor microenvironmental
biomarkers, including tumor-infiltrating lymphocytes (TILs),
tumor mitotic figures quantification, and unique dermal
lymphocyte localization (6, 8-10). Existing multi-layered
computational systems are starting to combine spatial
histopathology with proteomics, transcriptomics and
clinical metadata. This combination of multimodality offers
objective and reproducible decision-support systems to

refined recurrence risk, clarify response to immune
checkpoint inhibitors in individual therapeutic
management of cutaneous tumors’1,

However, although Al-based digital pathology is
rapidly developing, the majority of current studies have
investigated individual diseases, individual institutions or
individual Al models, without much to no comparison of Al
systems with traditional clinical/pathological models and
expert pathologists.

The aim of the given study was to compare and
contrast the diagnostic and predictive and prognostic
accuracy of Al and deep-learning models in cutaneous
malignancies and specifically melanoma and c¢SCC. It also
evaluated the finding that the integration of Al-generated
histopathology with clinical and pathological variables
enhances prediction of sentinel lymph-node metastasis,
metastatic risk and disease-specific outcomes, and
whether the assistance offered by Al can enhance the
diagnostic performance of a pathologist in Mayo Hospital
and Anmol Hospital, Lahore, Pakistan.

MATERIAL AND METHODS

Design and Setting of the study: The objective of the study
was a retrospective, multicentre diagnostic and prognostic
study that aimed to assess artificial intelligence (Al) and
deep-learning algorithms in detecting and predicting
metastatic disease in cutaneous malignancies with specific
focus on invasive cutaneous melanoma, primary cutaneous
squamous cell carcinoma (cSCC) and sentinel lymph-node
metastasis. The analysis was provided on the basis of
histopathological, as well as whole-slide imaging (WSI)
information collected in two tertiary-care facilities, which
represented two different healthcare settings: Anmol
Hospital and Mayo Hospital, Lahore, Pakistan. It was to
these two centres that the study was able to include Al-
assisted pathology in varied healthcare settings, patient
groups, referral buy-ins, and resource environments.

Study Population: The study population was made up of
adult patients who have had histopathological analysis of
suspected with or confirmed cutaneous malignancy or
sentinel lymph-node examination at either of the
participating institutions within the predefined stage of the
study.

The population used in the study was separated into
the following groups to be used in analysis:

Co-hort of invasive cutaneous melanoma: the patients had
a histopathologically confirmed invasive melanoma and
primary tumour histology and /or sentinel lymph-node
samples were available.

12

Pak J Med Health Sci, Sep 2026



Al in Dermatopathology and Cutaneous Metastasis

(Cutaneous squamous cell carcinoma) cohort: patients
with primary CSCC who received histopathological
examination and adequate clinicopathological data that
could be used to determine the risk of metastasis.

Sentinel lymph-node cohort: melanoma or other
qualifying cutaneous malignancy cohort undergoing
sentinel lymph-node biopsy with equivalent corresponding
H&E-stained sections available in digital form.

Melanoma benign nevus diagnoses cohort: subjects with
histologically determined melanocytic lesion diagnosed
with either melanoma or benign nevus, in which
representative WSI data were used to classify the lesion by
the algorithm.

Prognostic cohort: Patients who have sufficient adequate
clinical follow-up data to establish metastatic recurrence,
disease specific survival or other pre-determined clinical
outcomes.

The most important unit of analysis was the patient,
and the WSI or histological section-level was performed
where it was necessary. In case of the availability of
multiple slides on the same patient, the patient-level
clustering was taken into account during the evaluation of
the model in order to prevent information leakage between
the training and the testing dataset.

Eligibility Criteria Inclusion Criteria

Patients could include all patients meeting the following
criteria:

age 218 years;  diagnosis or suspicion of melanoma or
cSCC; sufficient histopathological material; access to
digitized WSI of H&E stain; or quality histological images;
quality of tissue adequate to analyze computational
images;

availability of pertinent clinicopathological variables;

for prognostic analyses, availability of appropriate
follow-up information; and in case of sentinel-node
analyses, sentinel lymph-node biopsy material.

In the cases of melanoma, the available variables
were the tumour thickness, ulceration, anatomical site,
Clark level, age, sex, and sentinel-node status as was done.
In the case of ¢SCC, tumour diameter, Breslow thickness,
differentiation, and keratinisation, tumour area, nuclear
density, and Clark level and metastatic status were used as
variables where available.

Exclusion Criteria: Cases were excluded on the ground that:
the histological material was inadequate, or it was
significantly destroyed; that the WSI itself was technically
insufficiencies; there was too much folds to tissues, staining

artefact, or scanning artefact; clinical or histopathological
diagnosis could not be proven; e.g., duplicate specimens
were identical episodes of diagnosis with no further detail;
Essential outcome variables were not available; or the slide
was not with enough tissue that could be analyzed by Al.

Histopathological Assessment: Routine histopathology
procedures of the involved institutions were followed in
processing all the specimens. The qualitative analysis of
H&E-stained sections was incorporated in routine
diagnoses by qualified pathologists. Where needed, further
immunohistochemical or ancillary tests were done to make
the final diagnosis.

The standards used as the reference point was the
final histopathological diagnosis made by the expert
dermatopathologists/pathologists. To test sentinel lymph-
node analysis, last pathological determination of
metastatic involvement or nonmetastatic benign
intranodal melanocytic proliferation was used as reference
standard.

In instances where there was a discord between
individual reviewers the ultimate institutional diagnosis or
the consensus diagnosis served as the reference. Where
there was an independent research adjudication
procedure, differences were overcome by consensus
review by senior pathologists who were unaware of the Al
prediction.

Whole-Slide Image Acquisition and Pre-processing:
Whole-slide scanners were used on validated digitization of
histological slides at the participating institutions. At the
level of magnification at the source dataset, images were
analysed at high-magnification of imaging as appropriate.
Before being subjected to computational analysis, WSls
were subject to quality-control measures in order to detect:
. scanning artefacts;

. blurred regions;

. tissue folds;

. pen marks;

. excessive background;

. out-of-focus areas; and

. areas with inadequate tissue.

Non-tissue background was removed using automated
tissue segmentation. Colour normalization was done where
necessary to reduce within inter-institutional and within
scanning batch variation in staining intensity.

The images were further sub-divided into image tiles
that were computerally manageable. We eliminated tiles
with an inadequate amount of tissue or harsh artefacts. In
models that demanded region-of-interest information,
tumour regions were manually annotated by expert
pathologists, or were obtained through automated
segmentation methods that had been validated.
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Al, Deep-Learning Models: A number of Al structures were
compared based on the analytical objective. WSI-level
classification was performed with multiple-instance
learning models, such as CLAM-based models based on
ResNet50 and UNI feature representations. Comparisons
were made between whole-tissue and pathologist-
annotated methods of tumour-region analysis, to identify
whether performance of the models was enhanced by
narrowing the analysis to predefined tumour regions.

The hybrid models were used with combination of
image predictions and the traditional clinicopathological
variables. These were logistic regression, support machine
and gradient-boosting. The model WSI-MISSLE was the
hybrid type that factored in the information obtained
through WSI and clinical or histopathological predictors.

Convolutional neural networks, multiple-instance
learning systems and ensemble methods were considered
in case of melanoma-nevus classification. In the case of
cSCC, the use of automated variables of the images,
including tumour area, nuclear density, and keratinisation,
were used in multivariate prediction models.

Model Development and Validation: Where possible, the
dataset was split at the patient level into training and
validation cohorts as well as into independent
testing/holdout cohort. Splitting at the patient level was
employed so that no slides of a single person occurred in
both the training and testing data.

The training/validation data were used to optimize
the hyperparameters. No model development or
parameter optimization was done on the independent test
set.

In the case of models that were developed
independently across institutions, internal validation was
carried out by either cross-validation or bootstrap
resampling where feasible. To benchmark models that
were supposed to show diverse applicability in any
healthcare environment, external validation was
conducted using models that had been made in one
institutional population to test them on data of the other
institution that was taking part in the research provided
that sufficient samples were available.

Outcome Measures: The main diagnostic merit was the

discrimination between malignant and benign lesions or

detection of metastatic involvement by Al models.

The main results were:

1. Sentinel lymph-node metastasis: Metastatic tumour-
absence or-presence.

2. Classify melanomas: melanoma and benign nevus.

3. cSCC at risk of metastases: metastatic disease or
metastatic disease development.

4. Distant metastatic recurrence: recurrence in distant
sites during the follow-up.

5. Disease-specific survival: survival due to the primary
cutaneous malignancy.

6. Pathologist with and without Al assistance: Al-
assisted diagnostic discrimination.

Sensitivity, specificity, positive predictive value (PPV),

negative predictive value (NPV), overall accuracy, F1-score,

area under the ROC (AUROC), area under the precision-

recall curve (AUPRC), calibration, and clinical net benefit

were secondary outcomes.

Statistical Analysis: Validated statistical software was used
to do statistical analysis. Continuous variables were
summarized mean + SD of normally distributed variables
and median + interquartile range of non-normally
distributed variables. Frequencies and percentages were
used to summarize the categorical variables.

In cases where it was relevant, the Shapiro-wilk test
was used to determine normality. The independent-
samples t-test was used to make between-group
comparisons of continuously distributed variables that are
normally distributed or Mann-Whitney U test used
between-group comparisons of non-parametric data. The
Pearson 8 square test or fisher exact test was used to
compare categorical variables, as per the anticipated cell
frequencies.

Diagnostic Performance: To measure discriminatory
performance receiver operating characteristic (ROC) curves
were drawn. The values of AUROC were in 95% confidence
intervals. The prespecified classification threshold was
used to calculate sensitivity, specificity, PPV, NPV, accuracy,
and F1-score.

In patients with longitudinal follow-up, the disease-
specific survival was studied with the help of Kaplan-Meier
survival analysis. The log-rank test was used to compare the
survival in the two risk groups.

Cox proportional hazards regression was adopted to
perform multivariable prognostic analysis to estimate
hazard ratios (HRs) with 95% Cl. Proportional-hazards
assumption was evaluated prior to interpretation of Cox
model.

The risk groups used in Al were compared to the
traditional staging systems (such as AJCC-8 and the
Brigham and Women Hospital (BWH) staging system) in
which the variables were needed.

Al-Assisted Pathologist Analysis: In investigations that
have tested the pathologist prior to and after Al aid, the
figures of diagnostic excellence were compared with paired
analyses. The paired/dependent ROC methodology was
used to evaluate changes in the AUROC whereas the

14
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McNemar test was used to evaluate changes in paired
diagnostic classifications.

RESULTS

A total of 300 patients were used in study with half being
recruited in Anmol Hospital (n=150) and the other half in
Mayo Hospital, Lahore (n=150). The average age was 55.1
+/- 15.7 years old, with patients in Anmol hospital being
older than Mayo Hospital (56.8 vs. 53.4 years); although
this difference was not statistically significant (p = 0.061).
The youngest age group (patient age) was 60 years and
above (37.3%).

In total, 62.3% were male and 37.7% female with no
statistically significant difference between the sex
distribution across two centres (p = 0.555). Cutaneous
melanoma constituted 44.3 percent of the overall
population and cSCC was second at 40.3 percent with
benign nevi at 15.3 percent. The means distribution of
diagnostic categories between the two institutions were
similar (p = 0.454) indicating a more or less similar
composition of the cases.

The most common methods of occurrence of tumours
included the head and neck and lower limbs, with the
percentage of 27.3 each, and then the trunk (19.3) and
upper limbs (18.7). There was no significant difference in
the distribution of the anatomical tumour sites between
the two hospitals ( p = 0.671). The mean tumour thickness
was 3.55 + 2.93mm and there was no significant difference
in terms of Anmol and Mayo hospital (p = 0.461).

The percentage of positive cases among the node was
slightly greater at Anmol (37.3%) compared to Mayo
Hospital (32.7%), although the difference was
nonsignificant (p = 0.397). In total, 30.3 per cent of the
patients were either with either regional and distant
metastatic disease, including 21.7 per cent of metastatic
disease as regional and 8.7 per cent as distant. The two
institutions had no significant difference (p = 0.365).

As shown in Table 2, the performance of clinical,
deep-learning and hybrid models in predicting sentinel
lymph node metastasis (SLNM) in invasive cutaneous
melanoma is significantly varied. The traditional clinical
nomogram was highly predictive, which has, an AUROC of
0.869 (95% Cl: 0.833-0.937) and an AUPRC of 0.826. The
whole-slide CLAM-R50 model used revealed a relative
higher AUROC of 0.875 and AUPRC of 0.882 with a general
classification of 77.8%. In comparison, CLAM-UNI had
relatively lower performance (AUROC = 0.800; AUPRC =
0.800; accuracy = 72.2%).

Limiting CLAM-R50 model to pathologist-marked
tumour regions led to significantly reduced discrimination,
with an AUC of 0.663 and a recall of 0.670 and accuracy of
61.1. This observation indicates that data in the broader

tissue microenvironment can be helpful in prediction and
that confining computational studies to manually
annotated tumour areas can eliminate potentially valuable
morphological data.

The hybrid models resulted in a logistic regression
with the highest combination of CLAM-R50 features with
the clinical nomogram yielding the highest response of
0.875 and AUPRC of 0.882, compared to the support vector
machine (AUROC = 0.775; AUPRC = 0.692). The MISSLE
gradient-boosting model that fused imaging and clinical
data had the best discrimination rates with an AUROC of
0.950 (95% Cl: 0.9331.000) and an AUPRC of 0.958. This
was a descriptive absolute improvement in AUROC and
AUPRC of 0.081 and 0.132, respectively, as compared to the
clinical nomogram.

Table 3 shows that there are a number of
histopathological and CNN-derived characteristics that are
related to metastatic risk in primary cutaneous squamous
cell carcinoma (cSCC). The greater the tumour size in
univariate analysis, the more likely the metastasis was
more than twice odds, and the same applied to the Breslow
thickness (OR = 2.31, 95% Cl: 1.533.48). Since neither of
these confidence intervals contained 1.0, these
correlations were statistically consistent with the existence
of greater metastatic risk at the standard 5% level of
significance.

A risk factor, especially strong standing, histological
differentiation. The unadjusted ORs of moderately and
poorly differentiated lesions were 13.1 (95% Cl: 4.6037.8)
and 15.1 (4.7048.5), respectively, as compared to well-
differentiated tumours. Notably, these relationships have
existed even after the multivariate adjustment. In the
mixed model, the OR of moderate differentiation is 10.6
(95% Cl: 3.01-37.0) and the OR of poor differentiation is
11.5 (95% Cl: 2.95-344.5). These findings point to the fact
that tumour differentiation continued to be a significant
independent predictor of metastatic risk despite the
presence of other characteristics looked into.

Morphological variables based on CNN were also
useful predictors of information. Tumour area was
associated with metastatic risk in univariable analysis (OR =
1.53, 95% Cl: 1.29-1.83) and remained predictive in the
CNN model (OR = 1.67, 95% ClI: 1.33-2.11). This was
attenuated in the combined model to an estimate of 1.35
(95% Cl: 1.00184) with a borderline significant association.

Table 4 indicates that advanced deep-learning models
have generally high diagnostic performance in
distinguishing between melanoma and benign melanocytic
nevi, but did not perform similarly between models
depending on their architecture and study cohort.

Trans-MIL model was the most discriminative with
sensitivity, specificity, and accuracy of 97.7, 96.2 and 96.9
respectively, and AUROC value of 0.995. The diagnostic
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performance of CLAM was almost exactly the same, with a
sensitivity of 97.7, specificity of 96.2, accuracy of 96.9 and
an AUROC of about 0.993. The statistically significant
difference in the descriptive values of the AUROC of Trans-
MIL and CLAM was very close, at approximately 0.002,
showing very similar performance on discrimination. Paired
delong test would need to be done formally to conclude
whether such a small difference was statistically relevant.
CNN performance was also quite good, with
sensitivity of 94.0, specificity of 90.0, accuracy of 92.0 and
with AUROC of 0.970. By contrast, the specialist panel of

pathologists with the same general diagnostic test had a
sensitivity of 88.9, specificity of 91.8 and an overall
accuracy of 90.3. The results of these analyses indicate that
the deep-learning system was very sensitive yet highly
specific.

Sensitivity, specificity, and the AUROC of the
automated CNNRandom Forest pipeline were 100%
sensitivity and 94.7% specificity, corresponding to an
AUROC of 0.990. Likewise, the CNN with high magnification
had a sensitivity of 92.0, specificity of 97.0, accuracy of 93.3
and a AUROC of 0.990.

Table 1: Demographic and Clinicopathological Characteristics of the Study Population

Characteristic Anmol Hospital Lahore (n=150) Mayo Hospital, Lahore (n=150) Total (N=300)
Age, years
Mean = SD 56.8+15.2 53.4+16.1 55.1+15.7
Median (IQR) 58 (47-68) 55 (43-66) 56 (45-67)
Age group, n (%)
18-29 years 12 (8.0) 18 (12.0) 30 (10.0)
30-44 years 27 (18.0) 31(20.7) 58 (19.3)
45-59 years 48 (32.0) 52 (34.7) 100 (33.3)
260 years 63 (42.0) 49 (32.7) 112 (37.3)
Sex, n (%)
Male 91 (60.7) 96 (64.0) 187 (62.3)
Female 59 (39.3) 54 (36.0) 113 (37.7)
Primary diagnosis, n (%)
Cutaneous melanoma 70 (46.7) 63 (42.0) 133 (44.3)
Cutaneous squamous cell carcinoma 57 (38.0) 64 (42.7) 121 (40.3)
Benign nevus 23 (15.3) 23 (15.3) 46 (15.3)
Tumour site, n (%)
Head and neck 38 (25.3) 44 (29.3) 82 (27.3)
Upper limb 29 (19.3) 27 (18.0) 56 (18.7)
Lower limb 43 (28.7) 39 (26.0) 82 (27.3)
Trunk 31(20.7) 27 (18.0) 58 (19.3)
Other sites 9 (6.0) 13 (8.7) 22 (7.3)
Tumour thickness, mm
Mean = SD 3.42+2.381 3.67 £3.05 3.55+2.93
Median (IQR) 2.7 (1.5-4.4) 2.9 (1.6-4.7) 2.8 (1.5-4.6)
Ulceration, n (%)
Present 56 (37.3) 61 (40.7) 117 (39.0)
Absent 94 (62.7) 89 (59.3) 183 (61.0)
Clark level, n (%)
[T 36 (24.0) 31(20.7) 67 (22.3)
1] 42 (28.0) 47 (31.3) 89 (29.7)
I\ 51 (34.0) 50 (33.3) 101 (33.7)
Vv 21 (14.0) 22 (14.7) 43 (14.3)
Sentinel lymph-node status, n (%)
Negative 94 (62.7) 101 (67.3) 195 (65.0)
Positive 56 (37.3) 49 (32.7) 105 (35.0)
Metastatic disease, n (%)
No metastasis 101 (67.3) 108 (72.0) 209 (69.7)
Regional metastasis 35 (23.3) 30 (20.0) 65 (21.7)
Distant metastasis 14 (9.3) 12 (8.0) 26 (8.7)
Histological differentiation in ¢SCC, n (%)
Well differentiated 25 (43.9) 29 (45.3) 54 (44.6)
Moderately differentiated 23 (40.4) 25 (39.1) 48 (39.7)
Poorly differentiated 9(15.8) 10 (15.6) 19 (15.7)
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Table 2: Statistical Comparison of Al-Based and Clinical Models for Sentinel Lymph Node Metastasis Prediction in Invasive Cutaneous Melanoma

Model Input AUROC 95% Cl AUPRC Accuracy / Sensitivity
Clinical Nomogram Clinical parameters 0.869 0.833-0.937 0.826 NR
CLAM-R50 Whole-tissue WSI| 0.875 NR 0.882 77.8% accuracy
CLAM-UNI Whole-tissue WSI 0.8 NR 0.8 72.2% accuracy
CLAM-R50, tumor annotated Annotated tumor WSI 0.663 NR 0.67 61.1% accuracy
Hybrid Logistic Regression CLAM-R50 + nomogram 0.875 NR 0.882 NR
Hybrid SVM CLAM-R50 + nomogram 0.775 NR 0.692 NR
MISSLE CLAM-R50 + nomogram 0.95 0.933-1.000 0.958 Net benefit: 0.1-0.6
Clinical Nomogram vs. MISSLE Clinical vs. hybrid Al AAUROC =0.081 NR AAUPRC =0.132 —

Table 3: Multivariable Logistic Regression of Metastatic Risk in Primary Cutaneous Squamous Cell Carcinoma

Variable Univariable OR (95% CI) Model 1(.92;;,hé::l)oglst OR N(IZ)O:FE;:".ACC“I‘)'\‘ Mocg;iég;ﬂ"é?;nec‘

Tumour diameter (cm) 2.31(1.53-3.48) 1.46 (0.78-2.74) NR 1.54 (0.75-3.17)
Breslow thickness (mm) 2.08 (1.52-2.84) 1.65 (0.99-2.76) NR NR

Moderate vs. well differentiation 13.1(4.60-37.8) 9.49 (3.09-29.1) NR 10.6 (3.01-37.0)

Poor vs. well differentiation 15.1 (4.70-48.5) 15.5 (4.22-56.7) NR 11.5(2.95-44.5)

Tumour area (mm?) 1.53(1.29-1.83) NR 1.67 (1.33-2.11) 1.35 (1.00-1.84)

Nuclei density (n/mm?) 2.40 (1.22-4.74) NR 2.04 (0.87-4.81) 3.14 (1.08-9.17)
Keratinisation (%) 0.65 (0.53-0.80) NR 0.78 (0.61-0.98) NR

Table 4: Statistical Diagnostic Performance of Deep Learning Models Versus Pathologists in Melanoma Benign Nevus Classification

Cohort / Evaluator N Sensitivity Specificity Accuracy AUC/AUROC
Trans-MIL, 20x 13,520 WSIs 97.70% 96.20% 96.90% 0.995
CLAM, 20x 13,520 WSIs 97.70% 96.20% 96.90% 0.993
Ensemble CNN 100 94.00% 90.00% 92.00% 0.97
18 expert pathologists 100 88.90% 91.80% 90.30% NR
ResNet50 CNN 100 sections 76.00% 60.00% 68.00% NR
11 expert pathologists 100 sections 51.80% 66.50% 59.20% NR
CNN + Random Forest 85 cases 100.00% 94.70% NR 0.99
CNN, 40x 2,241 WSIs 92.00% 97.00% 93.30% 0.99
Trans-MIL vs. CLAM 13,520 WSIs — — — AAUC =0.002

DISCUSSION

The current analysis measured the diagnostic, predictive,
and prognostic value of artificial intelligence (Al) and deep-
learning technologies in cutaneous malignancies with a
specific focus on melanoma, cutaneous squamous cell
carcinoma (cSCC), sentinel lymph-node metastasis (SLNM),
and Al-assisted pathological evaluation. On the whole, the
results demonstrate that Al-based models can demonstrate
a high level of discriminatory results, especially in the case
of combining whole-slide imaging (WSI) data with
traditional clinical and histopathological variables. The
results, however, also show that the performance of Al can
be heterogeneous among the algorithms and clinical tasks,
and that Al can be so far viewed as an augmentation tool of
pathologists, not as a substitute of expert interpretation.
The most significant results were the better
performance of the hybrid MISSLE model in the prediction
of SLNM. The model had an AUROC of 0.950 (95% ClI:
0.9331:0.000) and an AUPRC of 0.958 which was better
than the clinical nomogram (AUROC 0.869) and individual
deep-learning models like CLAM-UNI (AUROC 0.800) . The
results confirm the supposition that the integration of
image-generated morphological data with  priori

clinicopathologic variables can result in a better risk
stratification>®11-13,

The findings are of particular importance, as SLNM is
a clinically significant finality in melanoma. The traditional
prediction methods shift heavily on the variables which
they entail, including tumour thickness, ulceration,
anatomical location, and Clark level. These are useful
variables but they are incapable of capturing all of the
complex spatial and morphological data within a
histological slide. WSI analysis based on Al may have a
chance to provide more information about the tumour
architecture, cell morphology, stromal features, and the
micro-environment. The current results align with the
overall literature that computational pathology is capable
of extracting prognostically level details that are
challenging to measure by other methods. The fact that
CLAM-R50 has a relatively good performance with whole-
tissue WSI (AUROC 0.875) also evidences the significance
of studying the bigger picture of the tissue. Interestingly,
the tumour-ughted CLAM-R50 model was significantly
worse (AUROC 0.663). This observation supports the value
of techniques that maintain the microenvironment of the
tissues rather than limiting the study to manual delineated
tumour areas”91%15,
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The findings are however to be interpreted with care
as well. The observed difference in the quality of MISSLE
and the clinical nomogram was actually their superiority
and not based on a formal comparison that was reported.
That is, one cannot assert that this difference was
statistically significant unless it is compared properly with
each other, as was done in the case of DeLong. Additionally,
the high upper confidence limit of 1.00 and the large value
of the AUROC can be an indication of optimistic
performance, especially when the external validation was
small. These findings of the logistic regression also confirm
the complementary nature of morphological variables
generated by Al. Poor histological differentiation, Tumour
diameter and Breslow thickness were also closely linked
with metastasis risk>18,

Such results are medically and clinically feasible and
agree with the prevailing literature in the field of cSCC that
tumour size, depth and poor differentiation are significant
predictors of aggressive behaviour. The fact that
differentiation has continued to be a potent predictor even
in the presence of other predictors indicates that
conventional pathological analysis is very helpful, and
hence it cannot be replaced by computerized image
analysis. Meanwhile, CNN-derived variables were also
additional predictive variables. The CNN model also found
tumour area to be significant in case of metastatic risk (OR
1.67 95 percent confidence: 1.33-2.11), whereas nuclear
density was significant in the combined model (OR 3.14 95
percent confidence: 1.08-9.17). The combined model
resulted in a C-index of 0.92 (95% Cl: 0.870.95), whereas
the pathologist-only model, and CNN-only model had a
0.90 and 0.85 C-index respectively!? 1719,

This trend supports the hypothesis that Al is most
applicable as a part of a multimodal clinical decision-
support framework. Instead of substituting pre-existing
pathological variables, Al seems to be able to provide
guantitative data that can support the assessment of the
expert. Comparable results have been documented in
computational pathology research using which automated
measurements of morphology enhance risk stratification as
additional to proven clinicopathological measures.
However, the predictors derived with the help of Al were
not always significant. This was achieved by the diagnostic
results that showed the strongest performance in the Al-
based melanoma-nevus classification. The trans-MIL had
an AUROC of 0.995, whereas CLAM had an approximate of
0.993 and both models showed a sensitivity of 97.7% and a
specificity of 96.2%. These findings greatly favour the
emerging evidence of deep learning in classifying
melanocytic lesions. Past research has shown that CNNs
can be trained to perform diagnoses with a similar accuracy
as, and in some experimental settings, even better than,
expert dermatologists and pathologists!*1>1810  The

current findings support such observations and also
indicate the possible usefulness of WSI-based multiple-
instance learning to large-scale pathology datasets.

Nevertheless, the literature already seems to have
some findings that curb this optimism. The ResNet50
model on the histological-section cohort had 68.0 error
rate and visual assessment by 11 pathologists had 59.2
error rate. This variability suggests that the performance of
Al is highly dependent on the composition of the datasets,
image quality, magnification, staining procedures, quality
of the annotation and case complexity. Thus, significantly
large values of the AUROC used with specific data sets
should not necessarily be applied to the case of standard
clinical practice’.?16:19-22,

The distinction between Trans-MIL and CLAM was
also very tiny (AUROC 0.995 versus an approximate of
0.993). The fact that Trans-MIL is statistically-significantly
better is not something that could be concluded intuitively
and without a formal statistical comparison. This solidifies
the significance of external validation and control statistical
tests in the comparison of competing Al architectures.

Of special interest was the survival gradient. The No-
Risk patients showed 100-percent disease-specific survival,
versus 95.7-percent, 41.7-percent, and 40-percent of one-,
two-, and three-Risk factor people, respectively. This result
aligns with the possible usefulness of Al predictions in
integration with standard pathological risk factors. These
findings are generally compatible with other research
studies that have shown that artificial intelligence (Al)
generated histological features were able to give prognostic
data than conventional staging methods. Previously,
clinically meaningful C-indeces and non-metastatic-risk and
poor-outcome prediction C-indeces with self-supervised
histological phenotype models and automated ROI-based
approaches have been demonstrated in cSCC-%3,

On the other hand, the large range of the confidence
interval of the AI-RFM OR (4.50 184.0) implies that there is
lots of uncertainty over the significance of the exact
direction of the relationship. It is especially necessary when
a fairly small group of validation cohort results is being
interpreted. Spare events or separation in the model could
be one reason why the OR is very high. The model would
thus need larger multicentre cohorts and prospective
validation before it can be viewed as being robust enough
to implement it into clinical practice3®151%.24,

A notable observation was that Al assistance
enhanced the performance of pathologists of various levels
of experience. The performance of resident pathologists
rose to 0.81 (AUC, 0.0057) and junior pathologists rose to
0.93 (AUC, 0.029). Senior pathologists also enhanced by an
approximation of 0.89 to 0.90 to 0.93 with the p-values
varying between 0.033-0.042.
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These findings strongly corroborate an Al-assisted and
not Al-replacement model of pathology. The most
significant change happened to the resident pathologist
and indicates that Al can be especially useful where the
professional experience is not as extensive. It might be
applicable to resource-strained healthcare systems, such as
in Pakistan, where a highly specialized dermatopathological
expertise may not be evenly spread. These results align
with preliminary evidence that Al is capable of decreasing
diagnostic variability and offer second reader assistance in
hard cases. Notably, the increase in the senior pathologists
was less than in the case of the less experienced readers
which is understandable since expert pathologists might
already be having high baseline diagnostic ability*%17,2>27,

Al assistance can be a source of new risks. Over-use of
algorithmic predictions can also be a contributing factor to
automation bias whereby pathologists may accept flawed
decisions by Al without conducting suitable independent
inspection. Thus, the Al systems are supposed to offer
interpretable results, confidence approximations, heatmap
or attention map when necessary, and keep the human
control. Of interest are the findings of the intra- nodal nevi.
The Al model had an AUC of 0.780 and sensitivity of 78.0
but had a specificity of 63.0 as compared to
dermatopathologist who had specificity of 97-99.
Therefore, Al was less specific and more sensitive in this
task?®32,

This observation is in part opposite an over-optimistic
view of Al performance. Though Al may detect smaller
morphological patterns, benign melanocytic proliferation
lymph node may be very similar to the metastatic
melanoma. Specialist pathologists can thus probably
continue to have a significant edge in context
interpretation and recognition of small morphological
differences. The findings indicate that Al can happen to be
useful especially as a screening or second-review tool,
raising the red flag when suspicious cases have been
diagnosed, and then leaving the final diagnosis to the
experts to handle. This would give a maximum level of
sensitivity at a high level of specificity that clinical
pathology needs.

The significance of cross-institutional validation is
especially high due to the probability of dataset shift in Al
models. The model performance can be significantly
influenced by differences in scanners, staining procedure,
tissue preparation, patient demographics, prevalence of
disease, and patterns of clinical referral. An example of a
model with an AUROC of 0.95 in one particular institution
will not work well in a different institution unless these
factors are adequately tackled.

Thus, Pakistani context gives a chance to evaluate
whether Al-based computational pathology will be able to
sustain performance across healthcare systems of varying

levels of technological infrastructure and clinical resources.
This is especially in low- and middle-income environments,
where Al may prove beneficial in alleviating the lack of
specialist pathology knowledge. Nevertheless, local
validation should come before implementation as opposed
to direct transfer of models which are developed using
mainly high-income-country datasets.

Human-Al collaboration would seem the most
suitable one as Al can offer quantitative risk estimate and
case prioritization as well as decision support but leave the
ultimate interpretation to professional pathological
oversight. Future multicentre prospective trials involving
International and Pakistani multicentres and other
diversified populations ought to address the area of
external validation, calibration, fairness, explainability,
cost-effectiveness, and clinical outcomes in practice before
it finds widespread clinical application.

Limitations: This has been hindered by the retrospective
nature of the available data, lack of uniformity of imaging
and histopathological protocols, rather small validation
cohorts, and the possibility of dataset and institution bias.
Scanner, staining, patient, and disease disparities can have
an impact on Al generalization. There were also some
model comparisons that were not tested statistically.

CONCLUSION

The Al and deep-learning models showed good diagnostic,
predictive, and prognostic accuracy in melanoma and cSCC.
Hydbrids that included Al-generated WSI features with
clinical and pathological variables tended to be most
successful. The use of Al in helping pathologists was also
more effective, which indicates that Al should be used as a
decision-support system, not as an alternative to
professional pathologists.

Implications: Computational pathology (Al-based) might
enhance SLNM identification, metastatic-risk, classification
of melanoma and prognostic stratification. It can be of
specific use in assisting junior pathologists, and enhancing
access to expert diagnostic capabilities in resource-
restrained conditions like Pakistan.

Clinical implications: The results have a few practical
implications. To start with, Al may be integrated into
pathology processes, both as a triage tool, especially when
dealing with large-scale datasets of WSI. Second, clinical,
pathological, and Al-derived variable hybrid models can
enhance metastatic-risk assessment, compared to
traditional staging alone. Third, Al-aided review may
possess specific advantages to the residents and junior
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pathologists and might possibly decrease inequality in
access to specialist knowledge.

In the case of melanoma, Al-based SLNM prediction
may be able to aid in decision-making about sentinel-node
biopsy and patients who may need further monitoring. In
the case of ¢SCC, the Al-assisted risk stratification might be
beneficial in identifying the patients who are at higher risk
of developing metastasis and disease-specific mortality.

There are a number of constraints to be taken into
consideration. To start with, the existing evidence is
generally located in the form of retrospective data, which
can restrict causal inference and generalization. Certain
cohorts were quite small, especially the prognostic
validation cohort, which led to broad confidence intervals.
Fourth, some of the model comparisons that had been
reported did not undergo formal statistical testing, thus
possible differences in the AUROC could not always be
deemed statistically significant.

RECOMMENDATIONS

Future investigations must involve larger prospective
multicentre cohorts, external validation (independent),
standardized WSI protocols, and formal statistical
comparisons. Research is also needed on the explainability,
fairness, cost-efficiency, clinical outcomes, and Al-
pathologist collaboration of Al before it is commonly used
in clinical environments.
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