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Predicting PD-L1 Status in Solid Tumors Using
Transcriptomic Data and Artificial Intelligence Algorithms

Ahmad Charifa™* Alfonso Lam* Hong Zhang* Andrew Ip,f Andrew Pecora,
Stanley Waintraub, i Deena Graham, 7 Donna McNamara, ¥
Martin Gutierrez, i Andrew Jennis 1 Ipsa Sharma* Jeffrey Estella*
Wanlong Ma* Andre Goy, 1 and Maher Albitar*

Summary: Programmed death ligand-1 (PD-L1) immunohistochem-
istry (IHC) is routinely used to predict the clinical response to immune
checkpoint inhibitors (ICIs); however, multiple assays and antibodies
have been used. This study aimed to evaluate the potential of targeted
transcriptome and artificial intelligence (AI) to determine PD-L1
RNA expression levels and predict the ICI response compared with
traditional THC. RNA from 396 solid tumors samples was sequenced
using next-generation sequencing (NGS) with a targeted 1408-gene
panel. RNA expression and PD-L1 IHC were assessed across a broad
range of PD-L1 expression levels. Al was used to predict the PD-L1
status. PD-L1 RNA levels assessed by NGS demonstrated robust
linearity across high and low expression ranges, and those assessed
using NGS and IHC (tumor proportion score and tumor-infiltrating
immune cells) had a similar pattern. RNA sequencing provided in-
depth information on the tumor microenvironment and immune
response, including CDI19, CD22, CD8A4, CTLA4, and PD-L2
expression status. Subanalyses showed a sustained correlation of
mRNA expression with IHC (tumor proportion score and immune
cells) across different solid tumor types. Machine learning showed
high accuracy in predicting PD-L1 status, with the area under the
curve varying between 0.83 and 0.91. Targeted transcriptome
sequencing combined with Al is highly useful for predicting PD-L1
status. Measuring PD-L1 mRNA expression by NGS is comparable
to measuring PD-L1 expression by IHC for predicting ICI response.
RNA expression has the added advantages of being amenable
to standardization and avoiding interpretation bias, along with an in-
depth evaluation of the tumor microenvironment.
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mmunohistochemistry (IHC) assays for the assessment of
CD274 (programmed death ligand-1, PD-L1) expression
in formalin-fixed paraffin-embedded (FFPE) tissues have
been evaluated by multiple trials as a companion test with
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immune checkpoint inhibitors targeting PD-L1 and its main
receptor (programmed cell death 1, PDCDI, or PD-1).1-3
These tests differ according to antibody clones, staining
platforms, and scoring systems.®’ These differences have led
to an uncertainty in the general value of PD-L1 protein
expression levels as a marker for different tumor types.810
Although a good concordance for 3 of the 5 antibody clones
used in PD-LI1 evaluation has been published,'!? the
interchanging assays and cutoffs could cause the mis-
classification of PD-L1 status in some cases. In addition, the
use of FFPE tissue specimens with different fixation and
storage methods may be a source of unexpected results for
adequate PD-L1 antigen retrieval, potentially increasing the
heterogeneity of the IHC intensity. All of these factors make
the prediction of the patients’ clinical response to immune
checkpoint inhibitors challenging using PD-L1 IHC.!3:14

Recently, RNA profiling has become highly useful for
providing information on the tumor microenvironment and
immune response.’> 23 The use of next-generation sequenc-
ing (NGS) to analyze RNA offers a high level of specificity
and sensitivity for the simultaneous measurement of several
targets to further elucidate the biology of tumors and predict
the efficacy of various therapeutic approaches.!>1? Targeted
RNA sequencing of various tissue samples has minimal
input requirements, has the potential to be much more cost-
effective than THC methods,?* and allows sequencing at a
deeper level for better quantification of low-level expressor
genes. RNA sequencing and quantification using NGS are
more reliable and reproducible than older techniques such as
microarrays or PCR-based RNA quantification.!”-18:25:26
The purpose of the paper is to demonstrate the reliability of
RNAseq data to predict PD-L1 expression and the feasi-
bility of developing a model system to predict specific PD-
L1 cutoff points by using RNAseq data in machine learning
systems.

MATERIALS AND METHODS

Samples and Patients

A total of 396 (n=396) FFPE cancer samples were
obtained for this study. Encompassing lung non-small-cell
carcinoma (n=22), lung small cell carcinoma (n = 3), breast
carcinoma (n=125), melanoma (n=4), endometrial cancer
(n=151), colorectal cancer (n=38), esophageal cancer (n=4),
gastric cancer (n=7), urothelial cancer (n=3), cervical
cancer (n=38), sarcoma (n=3), thyroid cancer (n=15), and
prostate cancer (n=3). Samples with an IHC-based PD-L1
status were collected without any selection during routine
clinical molecular profiling using NGS of the DNA and
RNA. The tumor fractions varied between 30% and 80%,
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and the samples reflected the real-time occurrence of prac-
tice. Diagnoses of the samples are presented in Table 1.
Tumor diagnosis was confirmed by morphologic analysis,
IHC, and molecular profiling of the DNA and RNA. The
Agencourt Forma Pure Total 96-Prep Kit (Beckman
Coulter, Brea, CA) was used to extract both the DNA and
RNA from FFPE samples using an automated KingFisher
Flex (Thermo Fisher Scientific, Waltham, MA) following
the manufacturer’s recommendations. The Agencourt For-
maPure Kit provides a split protocol to extract both the
DNA and RNA from the same FFPE lysate. The study
protocol was approved by the Institutional Review Board
(IRB) of the Western Copernicus Group (New 100 England
IRB, Aspire IRB, and Midlands IRB) (Number 1-1476184-
1). The requirement for consent was waived due to the
incidental collection and lack of risk. This study was con-
ducted in accordance with the principles of the Declaration
of Helsinki and its amendments.

RNA Library Construction and Sequencing

The samples were selectively enriched for 1408 cancer-
associated genes using reagents provided in the Illumina
TruSight RNA pan-cancer panel (Illumina, San Diego,
CA). cDNA was generated from the cleaved RNA frag-
ments using random primers during first-strand and second-
strand synthesis. The sequencing adapters were ligated into
the resulting double-stranded cDNA fragments. The coding
regions of expressed genes were captured from this library
using sequence-specific probes to create the final library.
Sequencing was performed using an Illumina NextSeq 550
system platform (Illumina). Ten million reads per-sample
were obtained in a single run, with a read length of
2x150 bp. An expression profile was generated from the
sequencing coverage profile of each sample using the Cuf-
flinks software. Expression levels were measured as frag-
ments per kilobase of transcripts per million.

PD-L1 Testing by IHC

PD-L1 expression was assessed using the Dako
Autostainer Link 48 instrumentation with the EnVision
FLEX visualization system and the PD-L1 IHC 22C3
pharmDx assay (Agilent, Santa Clara, CA), which is the
standard FDA-approved kit.

Using Machine Learning Algorithm for Predicting
PD-L1 Status

We first ranked the relevant genes using the Naive
Bayes approach (Supplement 1, Supplemental Digital
Content 1, http:/links.lww.com/JIT/A790). A Naive Baye-
sian classifier is used on each gene for distinguishing
between 2 classes with k-fold (K= 12) cross-validation. The
k-fold cross-validation is usually implemented with k=n (ie,
leave-one-out). Even though the leave-one-out method is
more computationally intensive, the efficiency of the Naive
Bayes algorithm would still make the selection process
reasonably fast. For a confidence measure for gene selection,
we relied on the P-value of a gene in differentiating the
classes. Analysis of variance is applied to compute the
P-value for a gene to discriminate between groups.

_ MSB
MSW

where MSB is the mean sum of squares between the
groups, MSW the mean sum of squares within the groups,
and F is the analysis of variance coefficient following the
F-distribution. The P-value can be obtained from the
F-value. This confidence value provides a measure of the
stability and robustness of the gene in classifying the groups.
It does not give concrete classification accuracy, but it
provides overall confidence in the differences between the
class means. Both criteria provide quantitative measures of
the relevancy of the gene for classification. However, the 2
relevance measures do not always provide the same rank-
ings. Applying both measures would produce effective and
stable gene selection methods for machine learning-based
classification systems.

After selecting individual genes, we used a random
forest classifier to distinguish between classes using multiple
selected genes with both confidence and P-values. In each
case, 67% of the cases were used for training, and 33% were
used for testing. Due to the low number of positive cases in
the groups testing high PD-L expression (> 30%), we used
60% of cases for training and 40% for testing. Dividing the
cases was random, and there was no overlap between the
testing and training cases.

TABLE 1. Correlation Between PD-L1 Expression Levels and PD-L1 IHC Results

THC test Lower Upper 10th 90th

results Variable Cases (N) Mean Median  Range quartile quartile percentile percentile SD

TC< 1% CD274 223.00 4.49 2.97  0.00-25.99 1.79 5.73 1.07 9.16 4.32
TC> 1% CD274 90.00 14.87 10.11  0.62-77.53 4.60 18.62 2.95 32.35 15.75
TC<10% CD274 267.00 5.17 336  0.00-72.72 1.94 6.43 1.14 10.71 6.14
TC>10% CD274 46.00  20.81 14.03  2.90-77.53 8.67 26.32 4.21 51.02 17.33
IC< 1% CD274 133.00 3.95 2.66  0.00-25.99 1.71 4.03 0.99 7.95 4.56
IC>1% CD274 129.00 9.38 543  0.29-77.53 3.21 10.31 1.74 19.05 12.13
IC<10% CD274 226.00 5.69 3.03  0.00-72.72 1.92 6.09 1.15 12.25 8.24
IC>10% CD274 36.00  12.50 8.52  0.29-77.53 4.72 13.80 4.18 31.83 13.95
TPS < 1% CD274 143.00 3.36 2.35  0.00-25.99 1.41 3.58 0.53 7.40 3.87
TPS> 1% CD274 207.00  10.19 5.63  0.29-133.81 3.03 11.65 1.74 22.25 14.74
TPS < 10% CD274 252.00 4.25 2.87 0.00-72.72 1.74 4.96 0.92 8.70 5.81
TPS > 10% CD274 98.00  15.50 9.67 0.29-133.81 491 18.74 2.90 31.87 18.57
TPS <30% CD274 319.00 5.35 332 0.00-72.72 1.94 6.43 1.06 12.00 6.48
TPS > 30% CD274 31.00 2850 18.62 2.90-133.81 11.47 35.94 6.67 52.69 27.31

IC indicates immune cell; THC, immunohistochemistry; PD-L1, programmed death ligand-1; TC, tumor cell; TPS, tumor proportion score.
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TABLE 2. Correlation of RNA Expression Between Different
Markers

Number of
Pair of variables cases (N) R? P
CD19 and CD274 396 0.126502 0.000000
CD22 and CD274 396 —0.048253 0.000092
CD8A and CD274 396 0.242821 0.000000

0.266951 0.000000
0.568419 0.000000

Immune cells (IC) % and CD274 262
Tumor cells (TC) % and CD274 313

Combined positive score (CPS) 346 0.605999 0.000000
and CD274

CTLA4 and CD274 396 0.352428 0.000000

PDCDI (PD-1) (CD279) 396 0.335572 0.000000
and CD274

PDCDILG? (PD-L2) 396 0.872508 0.000000
and CD274

Statistical Analyses

The level of significance was set at a=0.05. Standard
statistical tests were used to evaluate the correlations
between variables.
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RESULTS

Similar Pattern Between PD-L1 RNA Levels
Assessed by NGS and IHC With In-Depth Details
of the Microenvironment

We quantified the expression of PD-L1 RNA using
fragments per kilobase of transcript per million fragments
mapped. We correlated the PD-L1 expression levels with the
PD-L1 THC results covering the high and low expression
ranges [tumor cells <1%, > 1%, <10%, and > 10%; immune
cells (IC) <1%, > 1%, <10%, and > 10%; and tumor pro-
portion score (TPS) <1%, > 1%, <10%, > 10%, <30%, and
>30%] (Table 1). The linearity of PD-L1 assessment by
NGS was determined by comparing the expression levels of
PD-L1 relative to PD-L1 IHC and other markers. For
instance, PD-L1 RNA expression showed a positive linear
correlation with PD-L1 IHC, tumor cells, and CPS (R2 >
0.5). RNA expression also provided in-depth information
on the tumor microenvironment, including CD19, CD22,
CDS8A, and CTLAA4. In addition, we demonstrated a high
correlation between PD-L1 and PD-L2 (R2 > 0.8)
(Table 2). Statistical tests demonstrated a similar pattern
between PD-L1 RNA expression and IHC results across the
various tumor types tested (Fig. 1). The P-value refers to the
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FIGURE 1. Box plots showing the programmed death ligand-1 (PD-L1) scores in tumor cells and immune cells using IHC and PD-L1
scores using mMRNA expression. Plot A: Shows PD-L1T mRNA expression among different solid tumor subtypes. Plot B: Shows PD-L1
expression in tumor cells by IHC among different solid tumor subtypes. Plot C: Shows PD-L1 expression in inflammatory cells by IHC
among different solid tumor subtypes. The P-value refers to the difference between various types of tumors. The Kruskal-Wallis test is used
to generate the P-value.

Copyright © 2023 The Author(s). Published by Wolters Kluwer Health, Inc. www.immunotherapy-journal.com | 3



INGTSHIRA+ZHNBRAAAAVYO/FOAEIDFIASALLIAIPO0AEIEAHION/AD AUMYTXOMADYOIAX ZOHI

sqbZayT1C+erNIOITWNOIZTARY HAOSHNAYE Aq reuinol-Adelayiounuwil/wod mm| sfeulnoly/:dny woly papeojumod

€202/9T/TT uo

Charifa et al J Immunother ¢ Volume 00, Number 00, Il W 2023

Total of 396
Solid Tumors

Training Set
(67%)*

Testing Set
(33%)*

Validation of All
Algorithms

FIGURE 2. Flow chart describing the models that were built and how they were trained. *Due the low number of positive cases in the groups
testing high programmed death ligand (PD-L) expression (> 30%), we used 60% of cases for training and 40% for testing. A, An algorithm
using 40 genes differentiating between PD-L1 expression of <1% in tumor cells versus all other levels of expression. B, An algorithm using 80
genes differentiating between PD-L1 expression of 10% in tumor cells versus all other levels of expression. C, An algorithm using 80 genes
differentiating between PD-L1 expression of <1% in immune cells versus all other levels of expression. D, An algorithm using 70
genes differentiating between PD-L1 expression of 10% in immune cells versus all other levels of expression. E, An algorithm using 55 genes
differentiating between PD-L1 expression of <1% of tumor proportion score versus all other levels of expression. F, An algorithm using 60
genes differentiating between PD-L1 expression of 10% of tumor proportion score versus 30%. G, An algorithm using 60 genes differ-

entiating between PD-L1 expression of 10% of tumor proportion score versus all other levels of expression.

difference between various types of tumors. The Kruskal-
Wallis test is used to generate the P-value.

High Accuracy in Predicting PD-L1 Status Using
Genomic Data and Artificial Intelligence

Initially, we evaluated the ability of machine learning
to determine PD-L1 status (Fig. 2). Using a machine
learning algorithm, we first selected the proper genes to
determine PD-L1 status using the best classifier biomarkers
based on the P-value for predicting a specific expression
cutoff. As shown in Figure 3, the area under the curve for
most cutoff values was greater than 0.8. The artificial
intelligence algorithm showed that the higher the PD-LI
cutoff, the fewer genes needed to determine PD-L1 status
(Fig. 3). The dot on each curve represents a point at which
the sensitivity and the specificity are shown. The first num-
ber represents the cutoff in the algorithm to get this specif-
icity and sensitivity. To further clarify the specificity and
sensitivity of the random forest approach, we now show the
confusion statistics with the F-score. The shown ROC
curves show the results of all tested cases based on the model
in the testing set. There is no ranking. For testing future
samples, we simply run them through the algorithm and
obtain the score. Depending on the desired emphasis we can
change the cutoff point for classifying the case to one class
versus the other.

DISCUSSION

PD-L1 appears to be a controversial biomarker that
can be introduced into clinical practice. Four IHC-based
tests are currently approved for guiding treatment decisions

4 | www.immunotherapy-journal.com

in patients with multiple tumor types, despite prior evidence
demonstrating that both technological and histologic vari-
ability limit clinical utility.26-27

Our data demonstrated that RNA expression is a
robust assay for measuring PD-L1 expression across a wide
spectrum of expression levels. We used a large cohort of
samples from multiple centers (n=396). The specimens
included multiple tumor types from academic and com-
munity-based practices, reflecting real-world clinical sce-
narios. The samples were of variable tumor masses ,ranging
from resection specimens to needle core biopsies and FNA
cell blocks. Furthermore, the tumors and PD-L1 THC
staining were evaluated by different pathologists. RNA
expression has the added advantage of being able to quan-
tify RNA transcripts in the entire tumor microenvironment
without subjective scoring methods and cell type discrim-
ination. RNA sequencing is convenient as it enables the
testing of several patients in a single run, with per-sample
costs approaching those of IHC when performed in batches.
In addition, measuring multiple transcripts simultaneously
makes RNA sequencing well suited to characterize the
functional state of ICs in the tumor microenvironment for
biomarkers related to PD-1 checkpoint blockade. As dem-
onstrated in our results, we were able to quantify the
expression levels of CDI19, CD22, CD8A, CTLA4, and
PD-L2, which can help in tumor immunogenicity and pro-
vide data to explore new biomarker opportunities.2” We
observed a positive correlation between PD-L1 and PD-L2
expression. Overexpression of PD-L1 and PD-L2 in the
same tumor, as well as overexpression of other inhibitory or
activating molecules, can reliably indicate whether check-
point blockade is a significant factor in a specific case.?®?

Copyright © 2023 The Author(s). Published by Wolters Kluwer Health, Inc.
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FIGURE 3. Receiver operating characteristic curve for the prediction of programmed death ligand-1 (PD-L1) status using targeted tran-
scriptome according to artificial intelligence-based models. Plot A, An algorithm using 40 genes differentiating between PD-L1 expression of
<1% in tumor cells versus all other levels of expression. Plot B, An algorithm using 80 genes differentiating between PD-L1 expression of 10% in
tumor cells versus all other levels of expression. Plot C, An algorithm using 80 genes differentiating between PD-L1 expression of <1% in immune
cells versus all other levels of expression. Plot D, An algorithm using 70 genes differentiating between PD-L1 expression of 10% in immune cells
versus all other levels of expression. Plot E, An algorithm using 55 genes differentiating between PD-L1 expression of <1% of tumor proportion
score versus all other levels of expression. Plot F, An algorithm using 60 genes differentiating between PD-L1 expression of 10% of tumor
proportion score versus 30%. Plot G, An algorithm using 60 genes differentiating between PD-L1 expression of 10% of tumor proportion score
versus all other levels of expression. AUC indicates area under the curve.

In addition, RNA expression profiling can be used in
machine learning algorithms to provide insights into bio-
logical and clinical behavior, along with the therapeutic
efficacy of various tumors.3*32 In this study, we also
explored the potential of using RNA expression profiles to
predict PD-L1 status using a machine learning approach.
The machine learning algorithm was able to predict the
status of PD-L1 with different clinically relevant cutoffs,
with an area under the curve greater than 0.8.

In summary, this study demonstrated the potential of
combining artificial intelligence with genomics in the routine
practice of oncology and for predicting PD-L1 status.
Therefore, clinical decisions can be made based on objective
data. This paper demonstrated the reliability of RNA
sequencing data to predict PD-L1 expression and the
feasibility of developing a model system to predict specific

Copyright © 2023 The Author(s). Published by Wolters Kluwer Health, Inc.

PD-L1 cutoff points by using RNA data in machine learn-
ing systems.

Furthermore, this system can be continuously trained
by adding additional samples or new biomarkers. The lim-
itation of this study was its retrospective nature. Therefore,
the PD-L1 status determined by RNA sequencing and
machine learning algorithms needs to be further validated in
future prospective clinical trials.
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