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ABSTRACT

Background Treatment with immune checkpoint
inhibitors (ICls) targeting programmed death-1 (PD-1) can
yield durable antitumor responses, yet not all patients
respond to ICls. Current approaches to select patients who
may benefit from anti-PD-1 treatment are insufficient.
5-hydroxymethylation (5ShmC) analysis of plasma-derived
cell-free DNA (cfDNA) presents a novel non-invasive
approach for identification of therapy response biomarkers
which can tackle challenges associated with tumor
biopsies such as tumor heterogeneity and serial sample
collection.

Methods 151 blood samples were collected from

31 patients with non-small cell lung cancer (NSCLC)
before therapy started and at multiple time points while
on therapy. Blood samples were processed to obtain
plasma-derived cfDNA, followed by enrichment of 5hmC-
containing cfDNA fragments through biotinylation via a
two-step chemistry and binding to streptavidin coated
beads. 5hmC-enriched cfDNA and whole genome libraries
were prepared in parallel and sequenced to obtain whole
hydroxymethylome and whole genome plasma profiles,
respectively.

Results Comparison of on-treatment time point to
matched pretreatment samples from same patients
revealed that anti-PD-1 treatment induced distinct
changes in plasma ¢fDNA 5hmC profiles of responding
patients, as judged by Response evaluation criteria in
solid tumors, relative to non-responders. In responders,
5hmC accumulated over genes involved in immune
activation such as inteferon (IFN)-y and IFN-o response,
inflammatory response and tumor necrosis factor
(TNF)-o. signaling, whereas in non-responders 5hmC
increased over epithelial to mesenchymal transition
genes. Molecular response to anti-PD-1 treatment, as
measured by 5hmC changes in plasma cfDNA profiles
were observed early on, starting with the first cycle

of treatment. Comparison of pretreatment plasma
samples revealed that anti-PD-1 treatment response and
resistance associated genes can be captured by 5hmC
profiling of plasma-derived cfDNA. Furthermore, 5hmC
profiling of pretreatment plasma samples was able to
distinguish responders from non-responders using T cell-
inflamed gene expression profile, which was previously
identified by tissue RNA analysis.

WHAT IS ALREADY KNOWN ON THIS TOPIC

= While immune checkpoint inhibitor (ICl) treatment
can be very effective, it does not work for all pa-
tients. Non-invasive methods to predict and monitor
ICI response with increased precision can improve
clinical implementation of ICI treatments for better
patient care.

WHAT THIS STUDY ADDS

= 5-hydroxymethylation (5hmC) analysis of plasma-
derived cell-free DNA (cfDNA) revealed differential
profiles for anti-programmed death-1 (PD-1) re-
sponders relative to non-responders prior to ther-
apy start as well as after initiation of treatment.
Furthermore, our results demonstrate that anti-PD-1
response/resistance genes, previously identified by
others through tissue gene expression analysis, can
be captured by 5hmC analysis in plasma samples
without the need for any tumor biopsy.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= 5hmC analysis of plasma-derived cfDNA provides a
novel method for non-invasive prediction and moni-
toring of ICI response in non-small cell lung cancer.

Conclusions These results demonstrate that 5hmC
profiling can identify response and resistance associated
biological pathways in plasma-derived cfDNA, offering a
novel approach for non-invasive prediction and monitoring
of immunotherapy response in NSCLC.

BACKGROUND

Lung cancer is the most common cancer
worldwide. It is also the leading cause of
cancerrelated deaths globally, estimated to
claim 1.8 million lives annually.' Most patients
with lung cancer are diagnosed with advanced
disease.” 85-90% of all lung cancer cases are
characterized as non-small cell lung cancer
(NSCLC).*> Among the treatment options
available for NSCLC, immunotherapy has
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cemented its place in the management of advanced
stage disease, achieving better patient outcomes in both
first line setting and beyond, as mono or combination
therapy.”*

Immune checkpoint inhibitors (ICIs) targeting
programmed death-1 (PD-1) and programmed death-
ligand 1 (PD-L1) have achieved remarkable success not
only in lung cancer but across 17 different cancer types.”
ICIs work by reversing tumor microenvironment-induced
T-cell inhibition and thereby restoring antitumor
immunity.

While ICIs can elicit remarkably effective and durable
responses, onlyasubset of patients show benefit. Measure-
ment of PD-L1 expression in tumors was initially adopted
in the clinic as a patient selection biomarker for anti-
PD-1.” Yet, PD-L1 expression frequently fails to identify all
patients who can benefit from ICI treatment as demon-
strated by non-response in PD-L1 expressing patients, as
well as significant overall survival benefit observed irre-
spective of PD-L1 expression.® ¥ Additional biomarkers
that have emerged to improve patient selection for ICIs
include assessment of tumor-infiltrating lymphocytes,'
Tcell-inflamed gene-expression profile,'' '* and tumor
mutational burden (TMB)."® Combinatorial use of such
biomarkers serves as molecular readouts for the various
components of the cancer-immunity cycle,'* thereby
providing mechanistic insights that can indeed enrich
for ICI-responding patients. However, the current array
of biomarkers not only fall short in accurately identifying
ICI responders, but also present practical challenges asso-
ciated with availability of sufficient tumor biopsy material,
tumor heterogeneity as well as technical complexities
for standardization of assay analysis and interpretation.
Combination of multiple biomarker assays to improve
accuracy of predicting responders also increases process
complexity and cost. Furthermore, the requirement for
invasive tumor biopsy in patients can prove challenging
for immunotherapy response monitoring. Therefore,
non-invasive and robust biomarkers which can improve
ICI patient selection and response monitoring to avoid
unnecessary ICI treatment in patients lacking response
remain to be established.” "’

Liquid biopsy approaches using plasma-derived cell-
free DNA (cfDNA) present key advantages for biomarker
discovery and development in ICI response prediction
and monitoring setting. Circulating cfDNA is composed
of DNA fragments found in the blood that originate from
genomes of dying cells of different tissues and blood cells,
reflecting cell turnover under normal/healthy conditions
as well as altered homeostasis caused by disease.'® Unlike
traditional tissue biopsies that can only sample locally
and at accessible tumor sites, plasma-derived cfDNA can
capture tumor heterogeneity with circulating tumor DNA
originating from single as well as multiple tumor sites.
Liquid biopsies also provide access to ¢fDNA originating
from the tumor microenvironment and immune cells.'”**
Moreover, non-invasive approaches like liquid biopsies
allow collection of serial samples over time, enabling

dynamic monitoring of treatment response and resis-
tance as well as disease recurrence.'*™'

Liquid biopsy applications for immunotherapy
response prediction have so far largely focused on detec-
tion of circulating tumor DNA (ctDNA), the majority
of which relies on technologies that measure variant
allele frequency of mutations detected a priori in tumor
samples.” ctDNA levels of pretreatment samples were
found to be prognostic in the context of multiple treat-
ment modalities including immunotherapy.*! * Changes
in ctDNA levels after treatment was also shown to track
with response.21 ® Furthermore, TMB measurements
from plasma have been associated with immunotherapy
r(=,sponse.24_26 Overall, limitations on ctDNA detection,
whether technological or biological, as is the case for low
ctDNA-shedding tumors, present challenges for wider
clinical implementation. Unlocking the full potential
of liquid biopsies for immunotherapy response predic-
tion requires incorporation of response and resistance-
associated biological signals that originate from not only
tumor cells but also other cell types such as the immune
cells in the tumor microenvironment and even in the
larger context of immune system.

Epigenetic modifications in cfDNA, such as
5-methylcytosine (5mC) and 5-hydroxymethylcytosine
(bhmC), present an opportunity to incorporate signals
from tumor and other cell cells that influence response to
therapy. While widely investigated for liquid biopsy-based
cancer detection,” ™ epigenetic modifications, in partic-
ular 5hmC, remain underused in liquid biopsy approaches
for immunotherapy response prediction and monitoring.
5hmC is a stable epigenetic mark that originates from
oxidation of 5mC by the ten-eleven translocation family
dioxygenases.”’ Unlike 5mC, 5hmC has been shown to
generally mark transcriptionally permissive chromatin
state and is positively correlated with transcriptional acti-
vation, particularly for tissue-specific and cell type-specific
genes.” % In the context of the immune system, dynamic
changes in 5hmC profiles were observed to be important
for immune cell differentiation and function.*** As such,
5hmC signatures in plasma-derived cfDNA provide a rich
medium for biomarker discovery for various applications
spanning from early detection to treatment selection and
response monitoring.

Here, we investigated serially obtained plasma 5hmC
profiles of patients with NSCLC who received anti-PD-1
therapy to identify putative predictive biomarkers and
biomarkers for treatmentmonitoring. Anti-PD-1 treatment
induced 5hmC changes over thousands of genomic loci,
which were distinct in responding and non-responding
patient groups as revealed from on therapy serial 5hmC
profiles. In responding patients, 5hmC accumulated over
genes that are associated with interferon gamma response
and inflammation on anti-PD-1 treatment. In non-
responders, 5hmC accumulation was observed over genes
associated with epithelial-mesenchymal transition. 5hmC-
based changes over these regions were also observed at
earlier time points than the radiologic response time point
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for both responders and non-responders. Comparison of
5hmC profiles of plasma obtained from responding and
non-responding patients prior to any anti-PD-1 treatment
revealed a large number of genomic loci, mostly mapping
to genic regions, that correlated with response status.
These differential 5hmC loci identified at pretreatment
time point were enriched for inflammatory response
genes in patients who responded to anti-PD-1 treat-
ment. Significantly, mean 5hmC levels were higher in
responders relative to non-responders over the 18 genes
that define T-cell inflamed signature, which was previously
determined to aid in anti-PD-1 response using tissue gene
expression analysis.'' '* *® Overall, our study shows that
plasma 5hmC profiles of patients with NSCLC can serve
as a valuable molecular signal to identify biomarkers for
anti-PD-1 treatment response prediction and monitoring.

METHODS

Clinical cohort and study design

This study was performed using plasma obtained from
subjects with NSCLC who underwent pembrolizumab
or nivolumab monotherapy. 31 patients were enrolled
at participating sites in Germany with written informed
consent for use of blood specimens for archival storage
and retrospective analyses. Total of 151 blood samples
were collected as approved by the Institutional Review
Boards (IRBs) responsible at each site. The study protocol
submission, IRB approval and specimen handling across
all sites were managed by Indivumed GmbH (Hamburg,
Germany), who provided clinical research specimen
handling services.

Plasma collection

Whole blood specimens were collected by routine venous
phlebotomy in Cell-Free DNA BCT tubes according to
the manufacturer’s protocol (Streck, La Vista, Nebraska,
USA) (https://www.streck.com/ collection/cell-free-
dna-bct/). Tubes were maintained at 15°C to 25°C until
plasma isolation. Plasma was isolated within 24 hours of
phlebotomy by centrifugation of whole blood at 1600xg
for 10min at room temperature, followed by transfer
of the plasma layer to a new tube for centrifugation at
1600xg for 10 min. Plasma was then aliquoted and stored
at -80°C.

cfDNA isolation

cfDNA was isolated from plasma samples using the
MagMAX Cell-Free DNA Isolation Kit (Thermo Fisher
Scientific, Waltham, Massachusetts, USA) following
the manufacturer’s protocol with automated run on
HAMILTON STAR liquid handlers (HAMILTON
Company, Reno, Nevada, USA). All cfDNA eluates
were quantitated by Molecular Devices’s SpectraMax
Plate Readers using the PicoGreen dsDNA quantitation
assay (Thermo Fisher Scientific, Waltham, Massachu-
setts, USA). TapeStation 4200 capillary electrophoresis
(Agilent Technologies, Santa Clara, California, USA) was

employed to ensure the absence of contaminating high
molecular weight DNA emanating from white blood cell
lysis.

5hmC enrichment assay and 5ShmC/whole genome sequencing
library preparation

cfDNA was normalized to 10ng total input for each assay
and ligated to sequencing adapters. b5hmC bases were
biotinylated via a two-step chemistry and subsequently
enriched by binding to Dynabeads M270 Streptavidin
(Thermo Fisher Scientific, Waltham, Massachusetts,
USA). 5hmC enriched fragments were then processed
to obtain 5hmC libraries. Whole genome libraries were
prepared in parallel from the same input cfDNA mate-
rial without the 5hmC enrichment steps. All libraries
were quantitated by Molecular Devices’s SpectraMax
Plate Readers using the PicoGreen dsDNA quantitation
assay (Thermo Fisher Scientific, Waltham, Massachusetts,
USA) and normalized to 1 ng/pL prior to pooling. Library
pools were quantitated by Qubit dsDNA High Sensitivity
Assay (Thermo Fisher Scientific, Waltham, Massachusetts,
USA) and normalized in preparation for sequencing.

DNA sequencing and alignment

DNA sequencing was performed according to manufac-
turer’s recommendations with 75 base-pair, paired-end
sequencing using a NovaSeq instrument with V.2 reagent
chemistry (Illumina, San Diego, California, USA). Data
was collected using NovaSeq System Suite V.2.2.04. Raw
data processing and demultiplexing was performed using
V.2.20.0.422 of Illumina’s bcl2fastq software to generate
sample specific FASTQ output. Sequencing reads were
aligned to the hg38 reference genome using BWA-MEM?2
(V.2.2.1) with default parameters.”” Sequencing data
quality was assessed using Picard.™

Peak detection

BWA-MEM?2 (V.2.2.1) read alignments were employed
to identify regions or peaks of dense read accumulation
that mark the location of a hydroxymethylated cytosine
residue. Prior to identifying peaks, binary alignment
map (BAM) files containing the locations of aligned
reads were filtered for poorly mapped (mapping quality
(MAPQ)<30) and not properly paired reads using
SAMtools.” 5hmC peak calling was carried out using
MACS2 with default p value<1.00e-5 threshold for narrow
peak settings as previously described.?’ Identified 5hmC
peaks residing in “blacklist regions” as defined else-
where  (https://sites.google.com/site/anshulkundaje/
projects/blacklists) and residing on chromosomes X, Y
and mitochondrial genome were also removed using
bedtools.* Computation of genomic feature enrichment
overlapping 5hmC peaks was performed using the soft-
ware HOMER (http://homer.ucsd.edu/homer/) with
default parameters.

Differential 5ShmC peak analysis
For the purpose of identifying peaks with differential
5hmC representation, first, a bed file with a union of all
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identified peaks was generated and overlapping peaks
were merged. Raw counts over the peaks were normal-
ized by transforming raw counts to CPM (counts per
million). Weakly represented peaks (CPM>2 in less than
10 samples) were removed before differential analysis.
To identify differential 5-hydroxymethylation induced on
immunotherapy treatment, a Wilcoxon signed-rank test,
which is a non-parametric paired test used for compar-
ison of two groups measurement, was used to compare
plasma collected at baseline time point with the plasma
collected while the patients were on treatment at time of
radiologic response. Wilcoxon rank-sum test, which is a
non-parametric test for unpaired two groups measure-
ment, was applied to select 5hmC regions with the most
significant differences between responder and non-
responder cohorts by comparing fold change in 5hmC
occupancy normalized to baseline, termed {, as calculated
by ((T,/T,)/T,). Regions with p value<0.05and a delta {
of at least 1.5 between responders and non-responders
were retained for further analysis. 5hmC-based molecular
response (MR, ) was calculated by leave-one-out cross

ShmC
validation method using the equation:

M = 1

where p_and M, are the mean of all x;, i=1,...,n, and ¥
j=1,...,ni, respectively. The following formula was used to
compute both xi and yj:

To—T)
1o

where genomic loci with increased 5hmC is positively
and negatively correlated with treatment response are
used for xi and yj, respectively, while 7} and T, denote CPM
for pretreatment and CPM for on-treatment time points,
respectively. Genomic loci xi and yj were determined by
the training set that included all the samples except the
samples from the left-outpatient, which were then inde-
pendently tested using the equation described above. This
process was iterated 31 times to independently calculate
5hmC molecular response scores for each patient. MR,
scores were calculated blinded of the patient response.

hmC

Differential 5hmC gene analysis

To reliably identify gene bodies with differential 5hmC
representation between the tumor and normal groups,
we followed this procedure: (1) remove genes that map
to sex chromosomes; (2) remove genes that are weakly
represented by requiring >3 CPM in at least 10 samples);
(3) normalize the gene representation distributions using
TMM (trimmed mean of M values). We used the R package
edgeR* for differential analysis and used Benjamini’s and
Hochberg’s procedure to account for multiple hypothesis
testing and to quantify false discovery rate (FDR). In this
report, we use adjusted p value and FDR interchangeably.

Gene set enrichment analysis
mSigDB gene sets that were enriched in 5hmC represen-
tation was determined using gene set enrichment analysis

(GSEA) software*® by analysis of preranked gene list based
on fold change in 5hmC CPM over gene bodies.

RESULTS
Clinical cohort and study design
We assembled a cohort of 31 patients with NSCLC
who received anti-PD-1 immunotherapy agents
pembrolizumab or nivolumab as monotherapy to
investigate whether 5hmC profiles of plasma-derived
cfDNA could inform on immunotherapy response,
(figure 1A). The median age for the study cohort
was 71, with female subjects representing 58.1% of
the cohort (figure 1B). Majority of the patients were
patients with late stage cancer (96.8%) with adenocar-
cinomas and squamous cell carcinomas constituting
77.4% and 22.6% of the study cohort, respectively.
Blood samples were collected at baseline prior to
starting treatment and after commencement of treat-
ment in 4-6 week intervals (figure 1A). The complete
cohort consisted of 31 patients and 151 blood samples
in total, with 3-6 blood samples collected for each
patient prior to anti-PD-1 therapy administration
at each treatment cycle (figure 1A). Response to
therapy was evaluated by radiologic imaging. Of the
31 patients, 18 were partial or complete responders
(CR+PR) per RECIST (Response Evaluation Criteria
in Solid Tumors) V.1.1, while 13 patients showed
progressive disease (PD) (figure 1B).

cfDNA samples isolated from plasma were subjected
to 5bhmC enrichment assay. Libraries prepared from
5hmC-enriched cfDNA were sequenced along with
whole genome libraries which were sequenced at low
pass as input controls. Genomic regions enriched
for 56hmC were identified by using a peak detection
algorithm employing read density. The number of
peaks discovered per million unique reads in a given
sample ranged from 2,102 to 10,090 with a median of
5,635 (online supplemental figure 1A). The majority
of peaks localized to introns and intergenic regions,
60% and 30%, respectively (figure 2A). Consistent
with previous publications,” ** 5hmC peaks were
most statistically enriched over genic regions as deter-
mined by the ratio of 5hmC bases in each genomic
feature relative to the total number of bases in the
same feature genome-wide (online supplemental
figure 1B).

Responders and non-responders show distinct
hydroxymethylation changes in cancer and immune response
genes after anti-PD-1 treatment

To examine whether there were any changes in
plasma-derived 5hmC profiles after anti-PD-1 treat-
ment, we first performed paired differential analysis
using 5hmC fragment counts per gene by comparing
the time point of radiologic response (T,) to baseline
time point that was collected before treatment start
(T,). Patients who had PD, as determined by radiologic
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A.

Start anti-PD1

diagnosis treatment*

4 | § | |
Patients with

non-small cell lung cancer

To

4-6 weeks

Blood draws at every
therapy timepoint

N

4-6 weeks 4-6 weeks 4-6 weeks 4-6 weeks

T T2 Ts Ts Ts

*Nivolumab or Pemrbolizumab

B.
Responders Non-responders Total
(CR+PR, n=18) (PD, n=13) (n=31)
Age
Median 71.5 69.5 71.0
Sex (%)
Female 55.6% 61.5% 58.1%
Stage (%)
I = 7.7% 3.2%
1l 33.3% 15.4% 25.8%
\% 66.7% 76.9% 71.0%
Histology
Adenocarcinoma 77.7% 76.9% 77.4%
casrg‘r“i mous = 222% 23.1% 22.6%
PD-L1 status
Positive 61.1% 61.5% 61.3%
Negative 5.6% 30.8% 16.1%
Unknown 33.3% 7.7% 22.6%
Treatment
Nivolumab 33.3% 61.5% 45.2%
Pembrolizumab 66.7% 38.5% 54.8%
Figure 1 Study design and clinical characteristics of study cohort. (A) Schematic showing study design. (B) Clinical

characteristics of the patient cohort. CR, complete responders; PD, progressive disease; PD-1, programmed death-1; PR,

partial responders.

imaging according to RECIST V.1.1 criteria, were
categorized as non-responders, whereas CR and PR
were grouped as responders. This differential analysis
yielded 530 genes with a p value<0.05 in responders
(figure 2B). Among the genes with increased 5hmC
counts were genes associated with tumor immunity or
immune cell activation such as HLA-DQBI and CD69.
In contrast, genes with decreased 5hmC counts were
enriched for cancer or drug resistance genes such
as IGFI, TWISTI and MMPI6. In non-responding
patients, a similar comparison of on-treatment
samples from time of T, to paired pretreatment (T,)
samples identified 715 genes with differential 5hmC
(figure 2C). In contrast to responding patients, genes
with increased b5hmC included genes that are associ-
ated with resistance to checkpoint inhibition based
on previous studies of tissue samples, such as fibro-
blast growth factor (FGF) signaling,” while genes
with decreased 5hmC included CD74 with known
functions in immune response.44 Among the genes
differentially hydroxymethylated after treatment,
only 25 genes were shared between responders and
non-responders (figure 2D). The majority of these

genes (17 out of 25) displayed opposite trends
between responders and non-responders (figure 2E).
Genes that increased in 5hmC in non-responders
while decreasing in responders included multiple
cancer-associated genes such as MMP16 and TWISTI.
Altogether, the minimal overlap between the differ-
entially hydroxymethylated genes in non-responder
and responder cohorts suggests that these changes
detected in plasma cfDNA after treatment are specific
to anti-PD-1 response/resistance.

To determine whether 5hmC profiles in plasma-
derived cfDNA can inform about the biological
response to anti-PD-1 treatment, we performed
GSEA wusing 5hmC counts over gene bodies. In
responders, the top enriched pathways were heavily
immune-related; such as interferon gamma (IFN-y)
response, inflammatory response, interferon alpha
(IFN-a) response and tumor necrosis factor (TNF)-o
signaling via nuclear factor (NF)-xB (figure 2F).
IFN-y response, the most significantly enriched
pathway in 5hmC analysis of plasma cfDNA, was
previously associated with anti-PD-1 response by
gene expression analysis of tumor tissue samples
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Figure 2 Distinct changes in plasma-derived cell-free DNA 5hmC profiles on anti-programmed death-1 treatment in
responders and non-responders. (A) 5hmC peak overlap with gene and other genomic annotations. (B,C) Volcano plot
comparing 5hmC counts over genes at time of response (TR) to pretreatment (TO) in responders (CR+PR) (B) or non-responders
(PD) (C). Hypo-hydroxymethylated or hyper-hydroxymethylated genes in on-treatment samples relative to pretreatment with
nominal p value>0.05 are shown in blue or red, respectively. (D) Genes with differential 5hmC counts on treatment relative
to pretreatment. (E) 5hmC fold change over the genes identified in both responders and non-responders to have differential
hydroxymethylation. (F) GSEA using 5hmC counts over genes to compare baseline (T0) to TR in responding patients reveals
pathways associated with activation of immune response. (G) GSEA using 5hmC counts over genes to compare baseline
(TO) to TR in non-responding patients reveals pathways associated with resistance to therapy. CR, complete responders;
GSEA, gene set enrichment analysis; ncRNA, non coding ribonucleic acid; PD, progressive disease; PR, partial responders;
TTS, transcription termination site; '3'UTR, 3-prime untranslated region; 5'UTR, 5-prime untranslated region; 5hmC,

5-hydroxymethylcytosine.

taken at baseline from patients who went on to be
treated with pembrolizumab.'' > Among the leading-
edge genes that accounted for the enrichment of
these immune gene sets were lymphocyte activation
marker CD69 and IFN inducible transmembrane
proteins coding genes IFITM2 and IFITMI. For non-
responding patients, there were fewer gene sets that
significantly changed on treatment. Among the top

enriched gene sets identified in non-responders was
epithelial mesenchymal transition (EMT) gene set
(figure 2G) with leading-edge subset that included
mesenchymal markers CDHI1 and CDH2. EMT is
known to be associated with resistance to several
drugs, including ICIs.*” ** These findings suggest
that inflamed T-cell and EMT signatures found in
the tumor microenvironment of responders and
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non-responders, respectively, can be identified in
plasma cfDNA by 5hmC analysis.

Differentially hydroxymethylated loci identified in cfDNA can
separate normal lung from lung cancer tissue

Differential hydroxymethylated genes in cfDNA iden-
tified in this study have previously been associated
with ICI response and resistance in tissue transcrip-
tome analysis. Therefore, we sought to ask whether the
changes observed in cfDNA hydroxymethylome are at
least partially derived from the hydroxymethylome of
tumor-derived DNA. For this purpose, we first iden-
tified the differentially hydroxymethylated regions
(DhMRs) on anti-PD-1 treatment by comparing
5hmC profiles at T, to T, in responders and in non-
responders 152 and 301 DhMRs with a p value below
0.05 and a fold change exceeding 1.5 were identified
by Wilcoxon rank-sum test in responders (figure 3A,
left panel) and non-responders (figure 3A, right
panel), respectively. These DhMRs which were sepa-
rately identified in responders and non-responders
were specific and non-overlapping (online supple-
mental figure 2A,B). To investigate whether these
DhMRs identified in plasma were informative with
regards to bhmC profile changes in tumor tissue, we
generated 5hmC profiles of 15 normal lung tissues
and 18 lung cancer tissues. Both top responder and

non-responder DhMRs identified in plasma were able
separate tumor lung tissue from normal lung tissue
as visualized by t-distributed stochastic neighbor
embedding (figure 3B). These results suggest that
the DhMRs identified in plasma are congruent with
changes in 5hmC profiles of lung tumor tissue.

Anti-PD-1 therapy response monitoring with plasma-derived
5hmC profiles

The observation that the anti-PD-1 treatment-induced
5hmC changes were significantly non-overlapping
between responders and non-responders suggests that
such regions could potentially be used to monitor treat-
ment response. To test this idea, first, genomic loci with
the most significant changes between the responding and
non-responding cohorts were determined by calculating
treatment induced fold change in 5hmC occupancy
normalized to baseline ((T-T,)/T,) (termed {) and then
identifying the regions with the most statistically signifi-
cant changes by applying a threshold p value of 0.05 and
difference of { at least 1.5. This resulted in identification
of 154 regions with decreased 5hmC and 129 regions with
increased 5hmC in responders relative to non-responders
(figure 4A). Majority of these loci mapped to gene features
as exemplified by the two 5hmC peak loci visualized using
the genome browser Integrative Genomics Viewer (IGV)
(figure 4B). Examination of all study time points showed
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that the changes in 5hmC levels observed at time of
radiologic response can be detected as early as 4-6 weeks
from therapy start (figure 4C). Based on this observation,
we next investigated the molecular response elicited by
anti-PD-1 treatment on the plasma hydroxymethylome as
measured by cumulative change in 5hmC counts over the
top differential regions whose hydroxymethylation levels
correlated either negatively or positively with response
as identified in figure 4A. To this end, we tested predic-
tion of response by leave-one-out cross validation, where
all but one patient was used to determine top differen-
tial 5hmC regions, then an MR5, . was calculated for the
patient samples that were left out blinded of the patient
response. This was repeated 31 times for each patient. We
found that MR5, . can distinguish responders from non-
responders as early as the first time point, which was 4-6
weeks from therapy start (figure 4D). These results suggest

5hmC profiles obtained from plasma contain treatment-
induced changes that could serve as molecular response
markers with potential for earlier detection than radio-
logic response. Altogether, our findings demonstrate that
5hmC-based changes identified in plasma samples of
patients with NSCLC can be used for anti-PD-1 therapy
response monitoring.

Anti-PD-1 responders and non-responders show distinct
pretreatment plasma c¢fDNA 5hmG profiles that associate with
known response and resistance biology

To investigate whether responders had distinct baseline
cfDNA 5hmC profiles relative to non-responders, we
compared 5hmC profiles at time points collected prior
to treatment start (TO). This differential 5hmC anal-
ysis identified 482 genes with p value<0.05 (figure 5A).
In responders relative to non-responders, 5hmC was
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higher over genes with known functions in immune
response such as sialic acid-binding immunoglobulin-like
lectin 57 and CXCLI1 (figure 5A). On the other hand,
non-responders had elevated 5hmC over genes associ-
ated with metastasis/EMT or resistance to anti-PD-(L)1
therapy such as FGFR2*® and IL6" (figure 5A). Inspection
of 5bhmC levels over genes that are known to be involved
in modulating T-cell responses including PDCDI, IDOI,
LAG3 and CXCLI11I revealed an overall increase in 5hmC
in responders, particularly in CR patients, relative to non-
responders (figure 5B).

Next, GSEA was employed to investigate biolog-
ical processes that can be distinguished by comparing

per million mapped reads; 5hmC, 5-hydroxymethylcytosine.

pretreatment cfDNA 5hmC profilesin responding patients
to pretreatment cfDNA profiles in non-responders. This
analysis revealed several gene sets that are associated with
an inflamed immune state such as allograft rejection,
inflammatory response and TNF-¢ signaling via NF-kB to
be upregulated in responders relative to non-responders
(figure 5C). Among the leading-edge genes that drove
enrichment of these immune-related gene sets were
major histocompatibility complex II gene HLA-DQAI
and non-classical major histocompatibility complex gene
CD1D, both of which are involved in antigen presenta-
tion. Notably, among the gene sets that were upregulated
in non-responders was EMT genes, which were previously
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associated with resistance to anti-PD-1 treatment,45 with
leading-edge genes that included EMT marker CDH2 and
WNT5A, the protein product of which promotes EMT.
Furthermore, genes that are downregulated on KRAS
activation were downregulated in responding patients,
suggesting KRAS activation in responders. Interestingly,
KRAS mutations were previously correlated with response
and better outcomes on immunotherapy treatment.” *!

Given the presence of both tumor-derived and non-
tumor-derived DNA in circulating cfDNA, we sought to
compare the biological processes implicated by 5hmC
profiling of plasma-derived cfDNA to those uncovered
by RNA analysis of tissue samples. For this purpose, we
employed a data set from a recently published compre-
hensive study that profiled tissue samples from patients
with NSCLC to investigate anti-PD-1 treatment response.”
In this data set, 152 patient samples had associated gene
expression data, from which pretreatment tumor samples
were profiled from patients who were treated with anti-
PD-1 agents. Comparison of GSEA results from the tissue
RNA analysis with that of ¢fDNA 5hmC analysis revealed
positive correlation specifically for gene sets with higher
significance (figure 5D), such as allograft rejection, G2M
checkpoint and coagulation gene sets.

Previous analyses of tissue RNA had uncovered and inde-
pendently validated a signature termed T cell-inflamed
gene expression profile (GEP) which incorporates RNA
abundance for 18 genes to distinguish responders to anti-
PD-1 treatment from non-responders.'’ % To evaluate
the relative levels of plasma cfDNA 5hmC and tissue RNA
over the T cell-inflamed GEP in responders and non-
responders, we first examined the mean RNA levels over
the 18-genes comprising T cell-inflamed GEP. Comparison
of 52 responders (CR+PR) relative to 45 non-responders
(PD) from Ravi et al (2023) revealed increased RNA abun-
dance for T cell-inflamed GEP in responders (figure 5E),
consistent with previous reports. Strikingly, mean 5hmC
levels of T cell-inflamed GEP genes, as measured in
plasma cfDNA, were also higher in responders compared
with non-responders (figure 5F), validating thatincreased
expression over the T cell-inflamed GEP can indeed
distinguish responders from non-responders. Next, we
investigated whether 5hmC measurements over the
18 T-cell inflamed GEP genes in plasma cfDNA can distin-
guish patients with better overall survival. Only a subset
of patients had follow-up for a minimum of 36 months
post-treatment start (total n=19). For survival analysis,
these patients were separated into two groups according
to their mean 5hmC value over the 18T-cell inflamed
GEP genes, where patients above or below the median of
the full cohort were assigned to high 5hmC (n=9) or low
5hmC (n=10) groups, respectively. As expected, based
on the results that showed higher 5hmC levels over the
T-cell inflamed GEP genes for responders relative to non-
responders (figure 5F), a trend separating the two groups
in terms of overall survival was observed, however it did
not reach statistical significance with a p value of 0.11
in this smaller subset of patients (online supplemental

figure 3). Overall, our results show that the expression of
these tissue-relevant genes in predicting therapy response
can also be captured by increased hydroxymethylation
using plasma cfDNA without the need for tissue samples.
Altogether, these findings indicate that immune relevant
signatures consistent with immunotherapy response can
be identified in plasma using 5hmC profiles.

DISCUSSION

ICIs can exert significant and durable antitumor effects,
although in a subpopulation of patients. Current strat-
egies to classify patients who would benefit most from
these treatments are not sufficiently reliable.? Here, we
explored the potential for using 5hmC-based changes
that are detectable in plasma-derived cfDNA to predict
and monitor anti-PD-1 treatment response in patients
with NSCLC. Altogether, our results indicate that cfDNA
5hmC profiles contain loci that are correlated with anti-
PD-1 response that could be exploited for biomarker
discovery for patient selection and therapy response
monitoring for ICIs in treatment of lung cancer.

Among the patient selection biomarkers that are
currently used in the clinic is PD-L1 immunohistochem-
istry using tumor biopsy samples. Yet, it has been reported
that patients with PD-L1 immunostaining below estab-
lished thresholds may still benefit from anti-PD-1 treat-
ments. Furthermore, lack of response is also observed
in PD-L1 positive patients.”” Both intratumor and inter-
tumor heterogeneity with respect to PD-L1 expression
may yield such contradictory results as tumor sampling at
a single tumor site might not accurately reflect the state
of overall PD-L1 expression in a patient’s tumor(s). A
second important variable is the poor uniformity in the
PD-L1 immunohistochemistry antibodies and different
thresholds for PD-L1 positivity used.” These limitations
can be circumvented by liquid biopsy, which captures
DNA shed not only by cancer cells from different tumor
sites but also by tumor microenvironment and immune
cells. In particular, analysis of plasma cfDNA 5hmC, which
marks active biological pathways, can provide better
understanding of drug response in tumor and immune
cells using a single analyte. Indeed, we found that
plasma cfDNA 5hmC profiles are significantly different
in responders relative to non-responders both prior to
treatment (figure 5) as well as after treatment (figure 2).
Our analysis revealed 5hmC enrichment over immune
relevant genes, indicating increased immune gene activa-
tion in responders. Given that ~61% of both cohorts were
PD-L1 positive (figure 1B), these results show that 5hmC
profiling can provide an independent measurement of
immune status that is informative of potential response
to immunotherapy.

5hmC profiles in plasma-derived cfDNA have proven
to be valuable biomarkers for cancer detection in recent
years.” % % A stable epigenetic mark that is produced
on active demethylation of DNA methylcytosines,
5hmC is positively correlated with gene expression and
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regulation.”® ** °* Unlike 5mC which covers large frac-
tions of the genome that are transcriptionally repressed,
5hmC marks a much smaller fraction that is enriched in
tissue-specific and cell type-specific genes. Recently it was
shown that 5hmC analysis provides the most informative
signal for RNA abundance in disease relevant pathways
in comparison to WGS (whole genome sequencing)
and WGBS (whole genome bisulfite sequencing) data.’
Furthermore, 5hmC remodeling is a hallmark of immune
cell differentiation and activation.* ** % 5hmC profiles
can therefore provide distinctive signatures for deter-
mination of tissue identity and immune states using
fDNA 348555

Plasma-derived cfDNA presents unique advantages as
a source for candidate biomarkers for ICI response and
treatment monitoring. Non-invasive biomarkers would
circumvent the challenges related to tumor biopsies,
such as low rates of patient compliance, potential for
complications and insufficient material collection. In
addition, non-invasive biomarkers can facilitate serial
sampling which allows monitoring of dynamic changes
during treatment that could be related to immune acti-
vation or acquired resistance. In this study, anti-PD-1
therapy response induced distinct changes in plasma
cfDNA 5hmC profiles of responders compared with non-
responders that can be observed as early as 4-6 weeks
(figure 4C,D). Our results show that 5hmC analysis offers
a novel non-invasive method for serial monitoring of anti-
PD-1 therapy response in plasma.

Among the advantages of bhmC-based cfDNA analysis
is the ability to inform on not only the tumor cells but
also other cells that contribute DNA to circulation. While
immune cells make up the majority of cfDNA particularly
in healthy subjects, tumor cells and other components of
the tumor microenvironment also shed DNA into blood
in patients with cancer. Methods confined to analysis of
tumor-derived cfDNA, such as tumor-informed muta-
tion analysis, necessitate addressing sensitivity challenges
resulting from tumor-derived DNA dilution in the rest of
cfDNA. Furthermore, such methods also fail to inform on
the tumor microenvironment. Yet, the composite nature
of ¢fDNA presents an opportunity to gain insight into
immune and tumor status using a single analyte such as
5-hydroxymethylated cfDNA.

Heterogeneity of cfDNA can also present challenges in
identification of signals specific to clinical questions at
hand. One such challenge in the context of mutational
analysis is to distinguish tumor-derived mutations from
the ones that originate from clonal hematopoiesis.”®
Additional sequencing of the circulating white blood cells
can help distinguish clonal hematopoiesis of indetermi-
nate potential (CHIP)-derived mutations from tumor-
derived ones, however at the expense of increased cost.
While cfDNA heterogeneity can also present challenges
to other types of analytes, tissue-specific signatures in
cfDNA, such as 5hmC and 5mC, can help infer origins
of c¢fDNA. Furthermore, because 5hmC is specifically
enriched over transcriptionally active genes or regulatory

regions, it can be used to gain insight into active cellular
programs and states in the tissues or cells that contribute
DNA to circulation. Consistently, 5hmC analysis of cfDNA
in this study identified IFN response, inflammatory
response in responders as well as EMT in non-responders
(figure 2B-G), pointing to both immune cell-derived and
tumor cell-derived biology.

Challenges associated with identification of a reliable
ICI response prediction biomarker strategy have been
at least in part attributed to complex dynamics between
the tumor and the immune system. While PD-1-mediated
suppression of effector T cells is a major mechanism
by which tumors evade the immune system, there are
other mechanisms tumors can use for the same purpose,
rendering ICI treatment ineffective. Similarly, the capacity
of tumors to elicitimmune response through mechanisms
such as neoantigen expression also proves important
for determining ICI treatment response. Therefore, it
is paramount to identify biomarkers that can inform on
both the tumor and immune states relevant to activation
of antitumor immunity. TMB," microsatellite instability
status” *® and T-cell inflammation signatures'' '** which
were developed subsequent to anti-PD-L1 tumor staining
as additional biomarkers have improved identification
of patients who may benefit from ICI treatment. Yet,
combining biomarkers that have multiple analyte require-
ments presents its own challenges as these approaches will
not only increase cost but also may not be practical for
reasons such as sample input requirements. Altogether,
non-invasive single analyte tests that can inform on both
the immune status as well as tumors themselves would
be ideal candidates for predictive biomarkers for ICls.
5hmC offers a single analyte solution to this end, with
hydroxymethylome comparisons yielding gene sets that
implicate both tumor and immune originating cfDNA.

Comparison of plasma cfDNA profiles of responding
and non-responding patients indicate that 56hmC analysis
can capture immune activation and tumor progression.
Notably, this work showed that cfDNA 5hmC profiling
corroborates response signatures previously discovered
by tissue analysis such as T cell-inflamed gene expression
proﬁle.11 2 Overall, analysis of 5hmC profiles in patients
who received anti-PD-1 treatment showed that 5hmC can
correlate with response. Further investigations of these
findings in larger study cohorts will enable exploration of
the full potential for using 5hmC in predicting and moni-
toring response to immunotherapy.
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