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Figure 1. Study workflow. Convolutional neural network (CNN)-based ML models were
trained using manual annotations provided by pathologists identifying features
including cancer, necrosis, cancer stroma, non-CD8+ lymphocytes and CD8+
lymphocytes. Inference on study samples generates tissue- and cell-level predictions.
Examples of tissue-level predictions include stroma and parenchyma. Examples of cell-
level predictions include CD8+ lymphocytes and non-CD8+ lymphocytes.

Figure 3. Example of frames analysis for CD8+ cell model performance evaluation in
NSCLC. A) Sampled frame within a WSI of CD8 immunohistochemistry in NSCLC. B)
Deployment of ML cell model on sampled frame for model prediction of CD8+
lymphocytes (green) and other cells (purple). C) Ground truth consensus pathologist-
derived annotations of CD8+ lymphocytes (red) and other cells (blue) from 5 board-
certified pathologists. D) Merged overlay of ML-based and pathologist-based CD8
predictions.

CONCLUSIONS 

The degree of CD8+ lymphocyte infiltration into the tumor microenvironment, as well as the distribution of lymphocytes within the tumor and 
surrounding stroma (inflamed, excluded, or desert immunophenotypes), are key determinants for the potential efficacy of immunotherapy1-3. Thus, 
accurate characterization of the tumor immune microenvironment is essential.  However, manual histopathological assessment of CD8 topology is 
subject to many challenges, including subjectivity and reproducibility4,5. 

We previously developed ML-based models for the identification and quantification of CD8+ lymphocytes6 and topology7 in melanoma.  Here, we 
developed ML-based models for the identification and quantification of CD8+ lymphocytes and CD8 topology classifiers across seven cancer types: 
urothelial carcinoma (UC), head and neck squamous cell carcinoma (HNSCC), non-small cell lung cancer (NSCLC), gastric cancer (GC), colorectal 
cancer (CRC), pancreatic cancer (PC), and hepatocellular carcinoma (HCC).

Cancer 
type

Inter-pathologist (Mean pathologist vs ground truth) 
[Pearson, 95% CI]

PathAI Model vs. Ground Truth 
[Pearson, 95% CI]

UC 0.93 [0.90 – 0.95] 0.95 [0.92 – 0.97]

HNSCC 0.95 [0.92 – 0.97] 0.95 [0.92 – 0.97]

NSCLC 0.95 [0.92 – 0.97] 0.96 [0.93 – 0.97]

GC 0.89 [0.82 – 0.93] 0.91 [0.86 – 0.95]

CRC 0.95 [0.92 – 0.96] 0.95 [0.92 – 0.97]

PC 0.91 [0.87 – 0.94] 0.92 [0.88 – 0.95]

HCC 0.94 [0.90 – 0.96] 0.96 [0.94 – 0.98]

Cancer 
type

Inter-pathologist 
(Pairwise) [Kappa, 95% CI]

PathAI Model vs. Individual Pathologist 
(Pairwise) [Kappa, 95% CI]

UC 0.47 [0.39, 0.56] 0.48 [0.41, 0.56]

HSNCC 0.37 [0.32, 0.42] 0.41 [0.35, 0.46]

NSCLC 0.39 [0.33, 0.47] 0.47 [0.41, 0.53]

GC 0.45 [0.37, 0.53] 0.41 [0.31, 0.51]

CRC 0.35 [0.28, 0.42] 0.38 [0.29, 0.46]

PC 0.30 [0.18, 0.43] 0.25 [0.14, 0.36]

HCC 0.33 [0.25, 0.41] 0.39 [0.31, 0.46]

Figure 4. Topology and confusion matrices. A) Topology matrices of phenotype model
predictions in transformed polar coordinates space, with data points representing
pathologist consensus ground truth labels and shading representing model
predictions. B) Confusion matrix measuring recall (true positive/combined true
positive and false negative) for model predictions versus consensus ground truth.

Table 2. Quantitative feasibility assessment of CD8 topology labeling.Table 1. Frames-based quantitative validation of CD8+ cell model performance. 

Patient samples and model generation. Our general workflow is summarized
in Figure 1. ML algorithms were developed to quantify CD8+ lymphocytes in
UC, HNSCC, NSCLC, GC, CRC, PC, and HCC specimens from clinical trials and
commercial sources (N=1603) using CD8+ cell detection models trained on
digitized whole slide images of CD8 immunohistochemistry (Agilent-Dako
clone C8/144b). Annotations were provided by the PathAI network of expert
pathologists to train algorithms for classifying tissue regions (including
parenchyma and stroma) and cell types (Figure 2).

For each cancer type, we measured: 1) the correlation between pathologists
and the ground truth consensus score and 2) the correlation between our
model and the ground truth consensus score. Pearson correlation coefficients
and 95% confidence intervals are shown.

Inter-rater reliability of topology assignments across pathologists, and between
our model and individual pathologists. Cohen's Kappa and 95% confidence
intervals are shown for each cancer type.

ML model-predicted CD8+ cell counts are highly correlated with pathologist-
generated counts across seven solid tumor types, and tumor CD8 topologies
were predicted with a simple and highly interpretable two-parameter
classifier. These data demonstrate the power of AI-powered digital pathology
for accurate and reproducible quantitation of CD8+ lymphocytes and
automated immunophenotyping in clinical samples, further confirming the
potential for AI-based biomarker measurements in immuno-oncology.

Frames analysis. To evaluate the
performance of the CD8+ cell model,
AI-predicted counts were compared to
a consensus count (ground truth) from
five independent pathologists for
representative fields of view (frames)
using Pearson correlation8 (Figure 3).
Inter-pathologist agreement was also
calculated.
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Development and assessment of CD8
topology classifier. Using a distinct
cohort of samples for each cancer type
(N=1690), a simple, two-parameter
CD8 topology classifier was trained to
predict slide-level labels of inflamed,
excluded, and desert using pathology-
provided labels and derived
features. Classifier-predicted topology
labels were compared to pathologist-
generated labels using unweighted
Cohen’s kappa.

Figure 3. Schematic of frames 
validation workflow. 
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Figure 2. Example representations of PathAI cell 
and tissue models as deployed in NSCLC.  A) 
CD8 immunohistochemistry.  B) Model-detected 
cancer epithelium and cancer-associated 
stroma.  Regions of necrosis, also detected by 
the model, are not pictured.  C) Model-detected 
CD8+ lymphocytes and other cells.
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