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Quantification of TGFβ protein levels and digital pathology-based immune phenotyping
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Background

TGFβ isoforms in NSCLC
A

Recent studies have shown that TGFβ can drive immune-excluded phenotype in tumor microenvironment (TME) by restricting CD8+ T cell infiltration; thus,
tumors with an immune-excluded or poorly inflamed phenotype with high TGFβ levels may be particularly responsive to TGFβ blockade. The distribution pattern
of tumor infiltrating lymphocytes (TILs) in the tumor microenvironment (TME) can be classified as three T cell infiltration phenotypes: immune-inflamed, immuneexcluded and immune-desert, based on the spatial localization of lymphocytes with respect to the tumor and stromal compartments2. Overcoming the restriction
barriers to enable re-distribution of effector T cells from the stroma to close contact with cancer cells might serve as a strategy to improve efficacy of immune
checkpoint blockade.

Tumor TGFβ
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Here we combine analysis of intra-tumoral and peripheral TGFβ levels with digital pathology-based immune-phenotyping, applied to NSCLC samples, which
might serve as an integrated approach to identify patients most likely to benefit from TGFβ blockade.
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Figure 4: Prevalence and distribution of (A) active TGFβ1 in the tumor and (B) total TGFβ1 in
plasma.
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Figure 6: Comparison of digital pathology-based immune-phenotyping methods. A, Pathologist
labels based on a 20% cancer CD8 positivity threshold and 20% cancer stroma positivity
threshold were used for classification. B,C, Immune-phenotyping results using both cutoff and
GNN methods showed moderate concordance with 5-way pathologist consensus in a held-out
test set, comparable to concordance of an average pathologist with consensus.
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Figure 3: Concordance analysis between intra-tumoral active and plasma total TGFβ1 levels. The
concordance between tumor and plasma TGFβ1 values of 76 paired samples is illustrated by the
Sankey plot representing the number of samples in each category and the representative
percentage of the whole. Samples are stratified by median into high subgroup (≥ median) and low
subgroup (<median) for both tumor and plasma TGFβ1. Cohen’s kappa was performed to
measure the concordance. From this analysis, no agreement between tumor active TGFβ1 and
plasma total TGFβ1 stratified by median.
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Plasma and intra-tumoral TGFβ assay
• An additional 77 NSCLC cases with paired plasma (K2 EDTA) and fresh-frozen tumor were purchased from BioIVT and analyzed for the TGFβ isoforms
(see below) as well as PF4 (plasma samples) to assess the quality of samples in which the presence of TGFβ may be due to platelet degranulation related
to sample processing4.
• A highly specific method was developed and qualified to individually quantitate TGFβ1, TGFβ2 and TGFβ3 in human plasma and tumor samples using the
Magnetic Luminex Performance Assay TGFβ Premixed Kit (R&D Systems) and the Bio-Plex™200 Suspension Array System. The method was suitable for
the measurement of both active and total TGFβ in human plasma and active TGFβ in human tumor samples. To measure total TGFβ, plasma samples
underwent a 10-minute acid activation step (1N HCL) and neutralization step (1.2N NaOH/0.5M HEPES). Plasma samples analyzed for active forms of
TGFβ did not require acid activation. Tumor samples were homogenized in lysis buffer containing halt protease and phosphatase inhibitor cocktail. After
processing, samples were diluted in RD6-50 diluent to the minimum required dilution (1/2.8 for plasma or 1/4 for tumor). The standard cocktail was
reconstituted in calibrator diluent and three-fold serial dilutions were performed to prepare the standard curve. The standards and samples were pipetted
into wells containing TGFβ isoform-specific antibodies coupled to color-coded magnetic microparticles and incubated at 24°C with shaking for 2 hours. The
beads were then washed, and a biotinylated antibody cocktail specific to TGFβ1, TGFβ2 and TGFβ3 was added to each well and incubated at 24°C with
shaking for 1 hour. Following a wash step to remove unbound biotinylated antibody, Streptavidin-PE was added to each well and incubated at 24°C with
shaking for 30 minutes. After a final wash step, the microparticles were resuspended in Bio-Plex assay buffer and read/analyzed using the Bio-Plex™200
Suspension Array System. The acquired PE-derived signal was directly proportional to the amount of TGFβ1, TGFβ2 and TGFβ3 in the sample.
• A commercial ELISA kit (ZYMUTEST Platelet Factor 4 Assay Kit, Aniara) was utilized for the quantification of PF4 concentrations in human plasma
samples.
• Cohen’s kappa was performed to measure the concordance between tumor active TGFβ1 and plasma total TGFβ1 expression level stratified by median.
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Figure 5: Performance of machine learning model in predicting CD8+ lymphocytes, CD8lymphocytes, and non-lymphocytes. Model predictions were compared to a consensus of
annotations from 5 expert pathologists using the Pearson correlation. The average correlation of
a single manual pathologist annotator with consensus was also calculated. Model predictions
showed high concordance with consensus for all cell model classes; this concordance was
comparable to that of the average annotator vs consensus.

Sample procurement and CD8+ chromogenic assay

Figure 1: Digital pathology approaches
to immune phenotyping. Two Machine
learning (ML) models (Models 1 and 2)
were developed using the digitized
whole slide images to identify tissue
regions (e.g. cancer epithelium, stroma,
and necrosis) and cell types (e.g.
CD8+, CD8-, and non-lymphocytes).
Model 1: Data-driven cutoffs were
applied to model-generated humaninterpretable features of CD8+
lymphocyte density within the cancer
epithelium and stroma to classify
samples as desert, excluded, or
inflamed. Model 2: Used an orthogonal
approach to the CD8+ density-based
cutoff method, all tissue and cell model
predictions were used to train a graph
neural network (GNN) to classify
immune phenotypes.
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Figure 2: Expression level of TGFβ isoforms in periphery and tumor. A, Box and whisker plot
distribution of active TGFβ1, β2 and β3 isoforms in fresh frozen NSCLC tumor samples. Lower
Limit of Quantitation (LLOQ) for each assay is indicated below each plot and individual values
below the LLOQ are imputed as a value of ½ of the respective LLOQ. B, Box and whisker plot
distribution of total (active and LAP-TGFβ) TGFβ1, β2 and β3 isoforms in the paired plasma
samples. The LLOQ for each assay is indicated below each plot. Total TGFβ3 was below the
LLOQ (562.884 pg/mL) for all plasma samples. Plasma PF4 levels for a majority samples were
elevated above expected levels (data not shown) signifying that platelets were lysed during
collection and processing to plasma, potentially contributing to higher TGFβ levels.

• 200 NSCLC FFPE tumor blocks were purchased from commercial sources (BioIVT and Cureline). Sectioned slides from these blocks were stained for
CD8+ T cells (SP57, Ventana) and scanned at 40x using the Aperio AT2 scanner by Labcorp. Images were manually scored for the percentage of CD8+ T
cells present within the whole field and expressed in increments of 5% for those containing more than 10% positive cells. CD8+ percent staining value was
scored by certified pathologist (Labcorp).
• Machine learning (ML) models were developed to quantify CD8 expression in digitized whole slide images of NSCLC samples. ML models were trained
using pathologist annotations identifying features including regions of artifact, cancer epithelium and stroma, non-CD8+ lymphocytes, and CD8+
lymphocytes3. For immune phenotyping, ML-generated tissue region and cell type predictions were used together with pathologist ground truth labels of
desert, excluded, and inflamed phenotypes. Two methods were compared: in the cutoff method, selected cutoffs were applied to model-generated features
to assign immune phenotypes; in the spatial method, model-generated tissue and cell overlays were used to train a spatial model to assign immune
phenotypes. Immune phenotyping classification using a 20% cancer CD8 positivity threshold and 20% cancer associated stroma CD8 positivity threshold is
presented3.
• Associated plots were generated using R software version 4.0.4. (R: A language and environment for statistical computing.)
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Non-small cell lung cancer (NSCLC) tumor cells have been shown to produce various cytokines that effect tumor growth and antitumor
immune responses. Among these TGFβ is a known immunoregulatory cytokine that can function as an oncogenic factor to mediate tumorigenesis, metastasis,
and immune escape. However, the clinical development of TGFβ inhibitors have been hampered by lack of efficient predictive biomarkers to identify patients who
are likely to benefit from the treatment.
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Transforming growth factor beta (TGFβ) is a member of a multifunctional cytokine family that regulates cell proliferation, differentiation and apoptosis1.
Normally, TGFβ signaling can function as a tumor suppressor to inhibit cell proliferation in normal epithelial and hematopoietic cells, but in cancer and specifically
within the context of the tumor micro-environment, increased TGFβ expression contributes to evasion of an immune response to the tumor and increases the risk
of metastasis and recurrence.

CD8 Digital Pathology Model Performance

In present study, highly specific assays were developed and used to measure active TGFβ1,
TGFβ2 and TGFβ3 in flash-frozen NSCLC tumors along with total TGFβ1 and TGFβ2 in paired
plasma samples from each respective patient. Active and total TGFβ1 were more
consistently found to be elevated in these samples followed by TGFβ2, whereas TGFβ3 was only
measurable (LLOQ≥2.68pg/mg) in tumors. Distribution and prevalence analysis of TGFβ1 in
tumor and plasma have identified various cut-off values, which may provide insight for patient
stratification & selection threshold identification.
Efforts have been made to correlate intra-tumoral TGFβ levels to those found in the periphery
(plasma) with the goal to assess the prognostic value of plasma TGFβ levels as a potential
surrogate to intra-tumoral expression in the prognosis of patients with NSCLC; however, only a
small group of samples demonstrate association.
The presented Machine Learning-based model quantification of CD8 expression in lymphocytes
is highly concordant with the 5-way pathologist consensus. Model predictions were further used
for immune-phenotyping of NSCLC samples into cold, excluded, and inflamed phenotypes, which
showed moderate concordance with pathologist consensus.
Taken together, these data demonstrate the potential for using digital pathology to provide
quantitative, accurate, and reproducible assessment of CD8 expression and support cancerimmune phenotyping in NSCLC. This integrative approach of assessing TGFβ level and digital
pathology platform might identify potential biomarkers to select NSCLC patients that could benefit
from TGFβ blockade.

