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Background

The presence of tumor-infiltrating lymphocytes (TIL) has been associated with a favo-
rable prognosis of primary melanoma (PM). The recent development of the artificial
intelligence (Al) based approach in digital pathology has been proposed for the standar-
dized assessment of TIL on hematoxylin and eosin (H&E)-stained images (whole slide
images, WSI).

To date, standardized protocols for TILs immunophenotyping and quantification are still
lacking (1-3). Despite the limited availability of specific large studies, the immunophe-
notype seems to play a role in the efficacy of the local immune response against mela-
noma. Previous studies, focused mostly on T-lymphocyte populations, showed that the
prevalence of CD8+ T cells is related to a better clinical outcome in contrast with T-regu-
latory (Treg) infiltration (4-6).

The development of a convolution neural network (CNN) for image-based automated
assessment of TILs on hematoxylin and eosin (H&E)-stained sections based on an Artifi-
cial Intelligence (Al) approach could represent a useful tool. The implementation of an
easy-to-use and standardized digital analysis solution able to offer fast and accurate
information to pathologists is one of the great challenges of the recent years (7,8).

Methods

The study included a retrospective collection of formalin-fixed paraffin-embedded
(FFPE) Stage lI-lll primary invasive PM (N=307), comprising a training set (N = 237 WSI)
from University of Florence (N = 115, DATASET #1), University of Sassari (N =43, DATASET
#2), University of Siena (N = 15, DATASET #3), and Papa Giovanni XXIll Cancer Center
Hospital Bergamo (N = 64, DATASET #4) from years 2000 to 2015 and a disjoint testing
set (N = 70, DATASET #5) from Catholic University of the Sacred Heart, Fondazione Poli-
clinico Universitario A. Gemelli IRCCS Rome from years 2016 to 2020 (Figure 1). The clini-
cal and pathological parameters extracted from the database included sex, age (conti-
nuous variable), date of diagnosis of the primary tumor, ulceration status (absent/pre-
sent), Breslow thickness (in mm), histotype, Clark’s level, mitotic rate, TILs, sentinel
lymph node biopsy (SLNB) status, and follow-up.
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Figure 1. Examples of patches (x400 magnification) extracted from the four datasets used for
the training and validation of the network, and from the disjoint dataset used for testing the
model in TIL recognition.

Here, we have applied a new convolution neural network (CNN) analysis of PM WSI to
automatically assess the infiltration of TIL and extract a TIL score. A CNN was trained and
validated in a retrospective cohort of 307 PMs including a training set (237 WSI, 57,758
patches) and an independent testing set (70 WSI, 29,533 patches).

IF MELANOMA,
BINARY CLASSIFICATION:
TiLs vs NO TiLs

WSI RE-ASSEMBLY

+ MEDIAN FILTER

BINARY CLASSIFICATION:
MELANOMA vs HEALTHY TISSUE

wsl 299299 PATCHES I D
= 0 N
TUMOR - CNN TIL- CNN =
o

TiLs
= density
score

=
HEAT MAP; = healthy

TiLs

T | !
AUTOMATIC MELANOMA AUTOMATIC TiLs DENSITY SCORE
REGION EXTRACTION TiLs RECOGNITION EXTRACTION

Figure 2. Pipeline of the proposed model’s application. WSI example at x400 magnification.

Results

The global accuracy of the trained model for automatic recognition of patches with TILs
(TIL-CNN) returned a value of 99.5% considering the validation set and a value of 100.0%
considering the test set (Figure 3). For the validation set, specificity and sensitivity achie-
ved 99.7% and 99.3% respectively. Cohen’s kappa returned 0.99 and the F1 score was
0.99. For the test set, specificity, and sensitivity both achieved 100.0%. Cohen’s kappa
returned 1.00 and the F1 score was 1.00.
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Figure 3. Validation and testing confusion matrices of the TIL-CNN for recognition of patches
with (TILs) and without TILs (NO TILs). The diagonal cells correspond to observations that are
correctly classified, and the off-diagonal cells to incorrectly classified observations. The column
on the far right of each confusion matrix shows the percentages of all the item predicted to
belong to each class that are correctly (green text) and incorrectly (red text) classified. The cell
in the bottom right of each confusion matrix shows the overall accuracy (green text) and error
rate (red text).

Disease-free survival analysis

The disease-free survival analysis was performed on a subset of 170 patients with com-
plete clinical history and prognostic information. In the D1 survival model, the presence
of “High TIL" (AI-TIL score >5%) in a patient presented a longer significative DFS (HR 0.6,
SD 0.2, p-value=0.013) compared with “Low TIL" (AI-TIL score <5%) patients. Other cova-
riates associated with death or relapse hazard were age (p-value<0.001) and Breslow
thickness (p-value<0.01). Crude Kaplan-Meier curves with respect to dichotomous
AI-TIL (low vs high) showed a quite similar DFS for AI-TIL high compared with AI-TIL low
(Figure 4C). By adding the SLNB to the DFS model, although the AI-TIL index lost signifi-
cance with respect to D1, the index remained statistically significant in the D11 model
(p-value<0.05).
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Figure 4. Forest plot of Cox Proportional Hazard regression Ratios and correspondent p-values
referred to D1 model. AI-TIL is the dichotomous AI-TIL density index. The other regressors are
the clinicopathological prognostic factors (top left). Forest plot of Cox Proportional Hazard
regression Ratios and correspondent p-values referred to D11 model. Sentinel Lymph Node
Biopsy (SLNB) has been added with respect to D1 model (bottom left). Crude Kaplan-Meier
curve with respect to dichotomous AI-TIL (“Low TILs” and “High TILs") of both survival models
(right).

Overall survival analysis

The overall survival analysis was performed on a subset of 170 patients with a complete
clinical history and prognostic information. In the O1 survival model, a“High TIL" factor
was associated with longer OS (reduced death hazard of 41%; HR 0.59, SD 0.2, p-va-
lue=0.017) with respect to a “Low TIL" factor. Other covariates associated with death
hazard were: age (p-value<0.001), Breslow thickness (p-value<0.01), and ulceration
(p-value<0.05). Crude Kaplan—-Meier curve with respect to dichotomous AI-TIL (low vs
high) showed a longer OS for AI-TIL high compared with AI-TIL low (median OS 75 and
68 months, respectively).

The addition of SLNB returned a loss of significance of the AI-TIL index for the O11
model, although its trend was consistent with O1. In fact, in the O11 survival model, the
death hazard was not significantly related to the AI-TIL index (HR 0.63 SD 0.3, p=0.096).
Age (p-value<0.001), Breslow thickness (p-value<0.05), and SLNB (p-value<0.001) were
associated with death hazard, while ulceration lost significance with respect to the O1
model.
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Figure 5. Forest plot of Cox Proportional Hazard regression Ratios and correspondent p-values
referred to O1 model. AI-TIL is the dichotomous AI-TIL density index. The other regressors are
the clinicopathological prognostic factors (top left). Forest plot of Cox Proportional Hazard
regression Ratios and correspondent p-values referred to O11 model. Sentinel Lymph Node
Biopsy (SLNB) has been added with respect to O1 model (bottom left). Crude Kaplan-Meier
curve with respect to dichotomous AI-TIL (“Low TILs” and “High TILs") of both survival models
(right).

Conclusions

The proposed pipeline for AI-TIL score extraction can increase uniformity across cohorts
and clinical sites, reduce the need of monitoring by highly experienced pathologists,
and prevent operator variability. Further prospective investigation is needed to determi-
ne whether AI-TIL scores should be routinely included in PM pathology reports and
future AJCC staging revisions, and whether they should be applied to metastatic sam-
ples to shape the design of novel immunotherapeutic protocols.
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