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ARTICLE INFO ABSTRACT

Keywords: Current use of liquid biopsy is based on cell-free DNA (cfDNA) and the evaluation of mutations or

Liquid biopsy
Cell-free DNA
Cell-free RNA

methylation pattern. However, expressed RNA can capture mutations, changes in expression
levels due to methylation, and provide information on cell of origin, growth, and proliferation
status. We developed an approach to isolate cell-free total nucleic acid (cfDNA) and used targeted

332;?;:5 next generation sequencing to sequence cell-free RNA (cfRNA) and cfDNA as new approach in
Machine learning liquid biopsy. We demonstrate that cfRNA is overall more sensitive than c¢fDNA in detecting
Next generation sequencing mutations. We show that cfRNA is reliable in detecting fusion genes and cfDNA is reliable in
Expression profiling detecting chromosomal gains and losses. cfRNA levels of various solid tumor biomarkers were
Cancer diagnosis significantly higher (P < 0.0001) in samples from solid tumors as compared with normal control.
Minimal residual disease Similarly, cfRNA lymphoid markers and ¢fRNA myeloid markers were all higher in lymphoid and

myeloid neoplasms, respectively as compared with control (P < 0.0001). Using machine learning
we demonstrate cfRNA was highly predictive of diagnosis (AUC >0.98) of solid tumors, B-cell
lymphoid neoplasms, T-cell lymphoid neoplasms, and myeloid neoplasms. In evaluating the host
immune system, cfRNA CD4:CD8B and CD3D:CD19 ratios in normal controls were as expected
(median: 5.92 and 6.87, respectively) and were significantly lower in solid tumors (P < 0.0002).
This data suggests that liquid biopsy combining analysis of cfRNA with cfDNA is practical and
may provide helpful information in predicting genomic abnormalities, diagnosis of neoplasms
and evaluating both the tumor biology and the host response.

1. Introduction

Numerous studies have shown that peripheral blood contains tumor-specific cell-free DNA (cfDNA) that can be used as an alter-
native to tissue-based DNA testing. The concept of liquid biopsy was evolved around analyzing cfDNA for mutations. Liquid biopsy
currently is used for cancer diagnosis, therapy recommendation and monitoring of therapy and relapse [1-4]. Detection of mutations
and methylation patterns using next generation sequencing (NGS) are currently the main approaches used in liquid biopsy [1-4].
Blood is accessible and frequently used when tissue is not easily accessible or limited in quantity. The circulating DNA captures
heterogeneity in the tumor, and it represents the entire tumor in the body minimizing sampling errors. However, because liquid biopsy
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in its current format is depending on analyzing cfDNA it has multiple challenges. This includes variation between tumors in shedding
their DNA, low sensitivity especially in early stage of cancer, difficulty in detecting fusion genes and inability to reflect the numerous
biological process that modify RNA expression levels such as alternative splicing, stability, and allele-specific methylation. Recent
studies showed that RNA testing provides another level of biological information related to the tumor and its microenvironment [5-8].
RNA expression profiling in tissue is helpful in diagnosis, selecting therapy, determining immunophenotype and microenvironment
changes, fusion genes, alternative splicing and enhancer hijacking [4-10]. This deficiency in relying on cfDNA is currently significant
and hampering progress in liquid biopsy testing.

RNA is typically considered less stable than DNA and more amenable to degradation especially in peripheral blood circulation.
Therefore, the current concept assume it would be difficult to analyze cfRNA. However, the principle of NGS technology is using
fragmented DNA or RNA in sequencing then align these fragments against the reference genome. RNA analysis using NGS from FFPE
(formalin-fixed paraffin-embedded) tissue is routinely now used in clinical testing and had shown to be highly informative and reli-
able. NGS technology by its principle relies on fragmenting DNA or RNA before sequencing. Aligning the sequence of the fragmented
DNA or RNA with proper bioinformatic system allows analysis and quantification of the sequenced nucleic acid. Therefore, sequencing
fragmented cell-free RNA should be possible in a fashion similar to sequencing RNA in FFPE tissue [11-13].

We explored using NGS to analyze cfRNA for evaluating mutations, expression levels, detecting fusion genes and compared with
cfDNA. However, since typically few highly expressed genes might overshadow the sequencing system, instead we used targeted RNA
sequencing using a panel of 1459 genes selected specifically to cover clinically relevant for diagnosis and oncogenesis. Developing
methods for analyzing cell-free RNA (cfRNA) is unmet need that may change how liquid biopsy is currently performed and used in
clinical setting. We demonstrate that cfRNA when combined with cfDNA analysis enhance significantly the sensitivity of liquid biopsy
and can provide information that highly useful clinically covering mutations, tumor-specific biomarkers, immunoprofiling, chro-
mosomal structural abnormalities or copy number variation (CNV) and fusion data.

2. Methods
2.1. Patients’ samples

Peripheral blood samples were collected randomly from patients with confirmed history of B-cell lymphoid neoplasms (#81), T-cell
neoplasms (#14), myeloid neoplasms (#71), solid tumors (#45), as well as from normal individuals (#51) and patients post-transplant
as reactive samples (#137). The tested samples from patients with hematologic and solid tumors included various diseases and at
different stage. These patients were chosen randomly without any selection. Some of these patients had active disease and some
without clinically active disease. The reactive samples were collected from patients after hematopoietic stem cell transplant with no
clinical evidence of residual neoplasm. These post-transplant samples were used to explore the significance of the immune reactive
processes in models for detecting diseases using cfRNA. Total nucleic acid was extracted from 1 ml plasma. Blood samples were
collected in EDTA (Ethylenediaminetetraacetic acid). Total nucleic acid was extracted within 72 h of collection. Samples that their
RNA did not meet quality control criteria (see below) were excluded. The failure of meeting the quality RNA criteria was 9%. Study
samples and data was collected under approved IRB (WCG IRB # 1-1476184-1).

2.2. Nucleic acid extraction

To capture small, fragmented RNA and DNA, we used an extraction kit optimized for capturing microRNA in circulation. We used
Apostle MiniMax High Efficiency cfRNA/cfDNA isolation kit and followed the recommended protocol. After extraction, half of the
cfDNA was treated with DNase to obtain cfRNA and the other half was used for DNA studies.

2.3. Targeted cfRNA and cfDNA next generation sequencing

Each patient’s cfDNA and cfRNA were processed in parallel using KAPA RNA HyperPrep kit. The cfRNA steps include: 1. First strand
synthesis; 2. second strand synthesis and A-tailing; 3. ligating adapters; 4. library amplification; 5. cleaning up; 6. quantification; 7.
preparing each 8-plex DNA sample library pool; 8. Adding designed KAPA Target Enrichment Probes (1459 genes, Table S1, sup-
plement) for hybridization overnight; 9. Using KAPA bead to capture multiplexed DNA library; 10. Amplifying enriched multiplex DNA
library; 11. Cleaning up amplified enriched multiplexed DNA library; 12. Checking multiplexed library by running TapeStation; 13.
Normalizing and Pooling; 14. Denaturing and Load Libraries on NovaSeq 6000 sequencer for Sequencing using pair-end 100X2 cycles.
For cfDNA, similar steps were followed except for the initial reverse transcription step.

After the sequence bcl2fastq2 Software v.2.20.0 was used for de-multiplexing and conversion to FASTQ. Dragen 3.8 RNA seq
pipeline for fusion calls, Salmon v1.4.0 for expression (TPM), CNVKkit for CNV calls and RNA-Seq Alignment v.2.0.2 — BaseSpace
Sequence Hub App for VCf for mutation calls. For RNA sequencing, thirty million reads per sample were required. As a quality control,
cases with DNA contamination in the RNA sequencing were excluded. Minimal of 30 million reads were required for RNA sequencing.
The RNA sequencing considered contaminated by DNA and the cases were excluded from the study if the percent of splice junction
reads was <20%.
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2.4. Using machine learning algorithm for analyzing RNA data

The RNA expression data is used in machine learning algorithm to distinguish between various diagnostic groups. We first selected
genes that distinguish between two classes using standard Naive Bayesian classifier on each gene with k-fold cross validation.

where m is the number of classes, n; is the number of cases in the class, and t; the number of correctly classified cases in class i estimated
with a k-fold cross validation.

When the number of classes m = 2, the measure is the average of sensitivity and specificity. In general, it is the average of the
accuracies on individual classes. The overall accuracy is not appropriate for gene selection because it can be misleading in the datasets
with unbalanced classes. For example, in a dataset with 80 negative and 20 positive cases, a trivial classification of all negative would
yield an 80% accuracy.

The coefficient L is usually ignored in our implementation since m is a constant and will not affect the ranking. The k-fold cross
validation is usually implemented with k = n (i.e. 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.

This accuracy value provides a direct measure of the gene in classifying the groups. However, it does not give confidence infor-
mation. For confidence measure for gene selection we relied the p-value of a gene in differentiating the classes. Analysis of Variance
(ANOVA) is applied to compute the p-value for a gene to discriminate the groups.

MSB
F=—""
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 ANOVA
coefficient following the F-distribution. The p-value can be obtained from the F value. This confidence value provides a measure of
stability and robustness of the gene in classifying the groups. It does not give the concrete classification accuracy, but it provides an
overall confidence in the differences of the class means. Both criteria provide quantitative measures on the relevancy of the gene for
classification. However, the two relevance measures do not always provide the same rankings. Applying both measures would produce
effective and stable gene selection methods for machine learning based classification systems.

After selecting individual genes, we used Naive Bayesian classifier to distinguish between diagnostic classes using multiple selected
genes using both confidence and P values. However, since Naive Bayesian classifier suffers from severe numerical underflow problem
when the dimension of data is high, we developed the Geometric Mean Naive Bayesian (GMNB) classifier that eliminates the underflow
problem by applying a multiplicative positive increasing function to the likelihood. In particular,

P52, x| G) = [P(0|G) P (2] C) . P(x] C) ]

This formula represents the geometric mean of the conditional probabilities. We proved that the GMNB method resolves the
underflow problem for high dimensional data, by showing the expected value of such a likelihood will approach 1/ e when the
dimension d—oo. We also proved that such a function is essentially unique, up to a constant multiple of the exponent [14].

To reduce the effects of noises and avoid overfitting in selecting these genes, we employed a leave-one-out cross validation to obtain
a robust performance measure. For an individual gene, a GMNB is constructed on the training subset and tested on the testing subset.
The complement of the cross-validation error rate is used as the discriminant measure for the bins.

error,
d= ;1 n

Instead of the overall error rate, the value d takes a sum of the error rates of the individual classes. This definition would avoid the
bias when the sample sizes are not balanced for different classes. The genes were ranked by d with higher values corresponding to
better performing genes for classifying the two classes. To address stability issues, we used the t-test to measure the significance of a bin
in separating the 2 classes. By setting a p-value threshold, insignificant bins can be filtered out. The selected genes were used to
distinguishing between two classes with k-fold cross-validation procedure (with k = 12). A naive Bayesian classifier was constructed on
the training of k-1 subsets and tested on the other testing subset. The training and testing subsets then rotated, and the average of the
classification errors was used to measure the relevancy of the gene. The classification system was trained with the selected subset of
most relevant genes. The processes of Gene selection and class selection status were applied iteratively to obtain an optimal classi-
fication system and a subset of genes relevant to distinguishing between the two classes were defined and isolated.

3. Results
3.1. Higher number of mutations detected in cfRNA

Number of mutations detected in solid tumors and hematologic neoplasms were significantly (P > 0.0001) higher in cfRNA (No. =
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1229) than in cfDNA (No. =1004) (P < 0.0001) (Fig. 1A). However, numerous mutations detected by RNA were not detected by cfDNA
and vice versa. In general nonsense mutations were more likely to be detected by cfDNA than by cfRNA and at higher VAF (Fig. S1).
Almost all missense mutations were detected in both cfDNA and cfRNA. However, low level mutations (VAF< 10%) were more likely to
be detected by cfRNA than by cfDNA. We detected 136 mutations in TP53 gene using cfRNA and only 70 mutations in cfDNA (Fig. 2A)
(P < 0.0001). KRAS mutations were also higher in cfRNA (#33) as compared with cfDNA (#21) (P = 0.08) (Fig. 2B). In contrast, when
most of the mutations were nonsense, as in ASXL1 gene, slightly more mutations were detected by cfDNA (#24) as compared with
cfRNA (#23) (Fig. 2 C). When we evaluated mutation in normal individuals we detected more CHIP (clonal hematopoiesis of inde-
terminate potential) mutations in cfDNA as compared with cfRNA (P < 0.0001) (Fig. 1B). Most of the mutations in CHIP are nonsense
in epigenetic genes (ASXL1, TET2, and DNMT3A). When mutations were detected in both ¢fRNA and cfDNA, mutation load (level of
mutant copies) was overall slightly higher in ¢fDNA (P = 0.06), likely due to higher degradation of RNA, but varied significantly
dependent on the type of mutated gene and type of mutation. Overall variant allele frequency (VAF) was significantly higher in cfRNA
than in ¢fDNA (P < 0.0001) due to the higher number of mutations detected in cfRNA as compared to cfDNA. This was true in general,
when we evaluated myeloid, lymphoid and solid tumors are separately (Fig. S1). To eliminate cases with DNA contamination.

A. Bar graphs showing significantly more mutations detected cfRNA than in ¢fDNA. B. Bar graphs showing significantly more CHIP
(clonal hematopoiesis of indeterminate potential) detected in cfDNA than in cfRNA.

A. Significantly higher number of mutations in TP53 are detected in ¢fRNA than in ¢fDNA. B. Only 21 mutations in KRAS gene are
detected in cfDNA, while 33 mutations are detected in the cfRNA. C. Slightly more mutations in ASXL1 gene were detected in cfDNA as
compared with cfRNA (24 vs 23). The levels of these mutations are shown on the Y-axis.

3.2. Detection of fusions using cfRNA

RNA enabled us to detect fusion genes using MANTA and DRAGEN (Illumina). Fusions involving ROS1 in lung cancer, BCL6 in
lymphoma, ETV6 (Fig. 3A), RUNX1 (Fig. 3B), RARA, FPM2, DEK, and EP300 were detected (Table S2). All these fusions were detected
in tissue/cell samples. The sensitivity of detecting fusions is difficult to evaluate due to variation in the levels of the fused genes. In
general, most of the detected fusions were detected in samples with relatively high tumor load in circulation (Table S2). In a lung
sample, we detected SLC34A2-ROS1 fusion in despite no somatic cancer-specific mutations were detected which suggests high
sensitivity in detecting fusions (Table S2). All these fusions were also detected in tissue testing by cytogenetic studies or by FISH
(fluorescent in-situ hybridization) testing.

A. RUNX1-ETV6 fusion transcript is detected in the cfRNA from a patient with acute lymphoblastic leukemia. B. RUNX1-RUNX1T1
Fusion transcript detected in the cfRNA from a patient with acute myeloid leukemia. The fusion transcripts are visualized using
FusionInspector.

3.3. Detection of chromosomal structural gains and losses

The cfDNA testing allowed us to detect chromosomal structural abnormalities in hematologic and solid tumors (Fig. 4A and B) that
were also detected in corresponding tissue samples (Fig. 4C and D). The clinical utility of detecting chromosomal structural abnor-
malities using liquid biopsy and targeted gene DNA panel has been established [15]. Using large number of genes makes this detection
more reliable.

A. Diagram resulting from CNVKkit analysis cfDNA from a patient with colorectal cancer showing multiple chromosomal abnor-
malities. Gain is illustrated in red, and loss is illustrated in blue. B. Scatter plot of the same data showing the same abnormalities. C and
D showing the same findings as detected in the corresponding tissue sample. The Y-axis shows the log2 ratio of the patient’s sample to
normal control. The X-axis shows the various chromosomes.
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Fig. 1. Higher number of mutations detected in cfRNA as compared with ¢fDNA in patients with cancer.
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3.4. ¢fRNA contains numerous biomarkers reflecting tumor characteristics

Expression levels of various genes as measured in cfRNA showed significant difference from normal sample. Expression of known
solid tumors biomarkers (CA-125, CA-15-3, CEA 8, Keratin19, Keratin6A ...) [16,17] were significantly higher (P < 0.0001) in samples
from solid tumors as compared with normal control (Fig. S2). Evaluating GATA3, CA15-3, CA125 and ERBB2 (HER2) in samples with
breast cancer (#8) shows significantly higher levels of these biomarkers as compared with normal control (Fig. S3). In lymphoid
neoplasms, lymphoid markers (CD19, CD22, CD79A, and CD79B) [18] were also significantly higher (P < 0.0001) than in normal
control sample (Fig. S4). Myeloid markers (CD33, CD14, CD117, CD56) [19] were also higher (P < 0.0001) than in normal control
(Fig. S5). The CD34 mRNA was not different in myeloid neoplasms as compared with normal control (P = 0.16). This is most likely due
to the relatively overall low level blast cells in the myeloid group, which included myelodysplastic and myeloproliferative cases. Also,
possibly that due to CD34 is expressed in endothelial cells the level of CD34 is relatively high in normal samples (Fig. S5).

3.5. Utilizing ¢fRNA in the differential diagnosis of neoplasms

To explore the value of the cfRNA expression in determining the differential diagnosis of specific neoplasm, we used an algorithm in
which we first select the specific genes that their expression can distinguish between two diagnostic classes then we used machine
learning in combination of genes in distinguishing between various diagnostic classes. As shown in Table 1 and Fig. 5, distinguishing
between normal group and various diagnostic classes (B-lymphoid, myeloid, solid tumors, and T-lymphoid) can be achieved with high
sensitivity and specificity. Distinguishing between normal control and individuals with reactive process can also be achieved with high
accuracy (AUC = 0.998, 95% CI: 0.988-1.0). As shown in Supplement Table S3, significant difference in the levels of various genes is
easily demonstratable between various diagnostic groups (Table S3). Despite that large number of genes show significant difference in
levels between two diagnostic classes (Table S3), the number of genes needed for good separation is small varied between 10 and 100
(Table 1). As expected, most the relative genes that distinguish each diagnostic class from normal specific for that diagnosis. However,
when each of the neoplastic diagnostic classes is compared to normal and reactive groups combined, the prediction became signifi-
cantly less accurate, but remained very useful (Table 1 and Fig. 5). The genes that distinguish between these diagnostic groups are
listed in Supplement Table S3. The relative significant decrease in the accuracy of predicting the diagnostic class upon adding reactive
groups to the normal individuals reflects the importance of the host reactive response in predicting diagnosis.

3.6. ¢fRNA immune biomarkers reflect host response to the neoplastic process

To explore the potential of cfRNA in evaluating the host immune system, we evaluated cfRNA levels of known markers of lymphoid
cells such as CD4:CD8 and CD3:CD19 rations. As shown in Table 2, normal control shows ratio of CD4 to CD8 and CD3 to CD19 cfRNA
comparable to those expected ratios from cell in peripheral blood. However, significant variation is seen when various neoplasms and
in reactive processes are considered (Table 2). There was significant difference in CTLA4:CD8B cfRNA ratios in various diagnostic
groups as compared with control. In contrast, there is no difference in CD274(PD-L1):CD8B cfRNA ratios between control and other
diagnostic groups. Similar distinct patterns are noted for various cytokine and chemokines (data not shown).

4. Discussion

The current concept of liquid biopsy is centered around isolating cfDNA from peripheral blood and analyzing DNA for mutations,
structural abnormalities, and methylation. Little work has been reported on using cfRNA. RNA is, in general, more labile, therefore,
few attempts have been made to use RNA in liquid biopsy. In a previous publication, we have demonstrated that patients with chronic
myeloid leukemia can be monitored using reverse transcription/polymerase chain reaction (RT/PCR) of cfRNA [20]. cfRNA evaluation
using RT/PCR is also reported in multiple studies as a source for providing biomarkers for evaluating specific cancers [21]. cfRNA is
also reported in evaluating pregnancy and complication of pregnancy [22]. Recent work by Moufarrej et al. showed the ability of
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Fig. 3. Examples of detected fusion transcripts using cfRNA.

cfRNA expression pattern as determined by NGS to predict preeclampsioa [23].

Most of the attempts to utilize cfRNA in NGS have been based on whole transcriptome. As expected cfRNA is highly degraded,
which compromises capturing intact mRNA for whole transcriptome sequencing. Using targeted sequencing and hybrid capturing of
the mRNA of genes of interest does not only overcome the problem of degradation, but also allows capturing of low expressed genes
increasing the dynamic range of detection and quantification and improves quantification significantly.

In this study, we extracted cfDNA from peripheral blood plasma of samples. A portion of the cfDNA was treated with DNAse to
isolate RNA and the RNA was sequenced using a targeted RNA panel of 1459 genes. The remaining cfDNA was also sequenced using the
same hybrid capture panel of 1459 genes. Upon comparing the number of mutations detected in the cfRNA with those detected by
cfDNA, significantly more mutations were detected using cfRNA than cfDNA (Fig. 1). The higher number of mutations in the cfRNA
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Fig. 4. Example of chromosomal structural loss and gain using cfDNA as compared with tissue-based detection.

Tables 1

Prediction of diagnosis using cfRNA in artificial intelligence (AI)-based model.
Diagnostic Training Leave one out
classes

AUC 95% Confidence Sensitivity Specificity No of AUC 95% Confidence Sensitivity Specificity
Interval (%) (%) genes Interval (%) (%)

Normal control Vs
B-Lymphoid 0.997  0.986-1.0 98 98 60 0.988  0.966-1.0 98 96.2
Myeloid 0.996  0.985-1.0 100 96.1 30 0.994  0.981-1.0 100 96.1
Solid tumors 0.998  0.988-1.0 98 99.1 30 0.989  0.968-1.0 98 991
T-lymphoid 0.996  0.975-1.0 100 98 30 0.987  0.963-1.0 98 100
Reactive 0.998  0.988-1.0 98 100 10 0.995  0.982-1.0 98 929
Reactive + Normal Vs
B-Lymphoid 0.742  0.679-0.805 86.8 51.3 100 0.693  0.627-0.760 83 49.4
Myeloid 0.759  0.688-0830 89 51 70 0.759  0.688-0.830 89 51.9
Solid tumors 0.819  0.740-0.898 80 73.7 920 0.781 0.696-0.866 80 67.3
T-lymphoid 0.97 0.910-1.0 93.8 91 100 0.877  0.765-0.989 93.8 68.6

most likely due to the well-documented allele-specific methylation and lower expression of the wild-type RNA enriching the relative
level of mutant RNA as compared with mutant DNA [24-28]. However, this phenomenon is not necessarily true for all types of
mutations. RNA stability has been reported to be significantly less when mutations lead to early termination of protein synthesis [29,
30]. This is particularly relevant for loss of function mutations that are common in tumor suppressor genes and epigenetic genes. When
we compared number of mutations detected in ASXL1 gene, most of which are nonsense mutations, slightly more mutations were
detected in cfDNA than in cfRNA (24 vs 23). In contrast more mutations in KRAS gene were detected in cfRNA as compared with cfDNA
(33 vs 21, P = 0.08). TP53 mutations were significantly more (#136) in cfRNA than in cfDNA (#70) (P < 0.0001). This difference was
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Table 2

Relative cfRNA expression levels of various immune cell markers and comparison of various neoplastic processes with normal control.

Median Minimum Maximum Std.Dev. Difference from Normal P-value
CD4:CD8B ratio
Normal 5.93 1.62 63.77 10.56
B-Lymphoid 3.53 0.44 27.75 4.71 <0.0001
Myeloid 4.65 0.64 179.77 28.07 0.038
Solid tumors 3.41 0.80 19.84 4.62 0.0002
T-lymphoid 3.18 1.43 9.95 2.84 0.003
Reactive 3.32 0.29 34.86 6.29 <0.0001
CD3D:CD19
Normal 6.88 1.45 20.13 4.91
B-Lymphoid 3.18 0.01 390.76 42.99 0.0001
Myeloid 1.85 0.20 177.15 24.55 <0.0001
Solid tumors 2.23 0.16 17.63 4.25 <0.0001
T-lymphoid 6.28 0.34 16.63 4.38 0.36
Reactive 4.15 0.15 2529.89 316.25 0.01
CD274:CD8B
Normal 1.77 0.19 30.69 4.92
B-Lymphoid 1.32 0.14 57.77 7.01 0.41
Myeloid 1.86 0.10 33.28 5.01 0.51
Solid tumors 1.45 0.09 11.44 2.16 0.96
T-lymphoid 1.80 0.31 5.89 1.56 0.92
Reactive 1.37 0.00 23.40 3.04 0.19
CTLA4:CD8B
Normal 0.19 0.00 8.14 1.27
B-Lymphoid 0.54 0.01 937.78 96.06 <0.0001
Myeloid 0.59 0.00 4.91 0.87 <0.0001
Solid tumors 0.74 0.00 3.38 0.72 0.0001
T-lymphoid 0.58 0.01 2.66 0.66 0.024
Reactive 0.41 0.00 9.74 1.21 0.004

more conspicuous in normal individuals with CHIP mutations. CHIP mutations were detected at higher rate in cfDNA as compared with

cfDNA (P < 0.0001).

Using RNA sequencing has been established to be more sensitive in detected fusions [31-34]. Therefore, using cfRNA for the
purpose of detecting fusions is more sensitive than DNA. cfRNA allowed us to detect fusions in samples from hematologic and solid
tumors with relatively high sensitivity as some samples showed fusion with significantly low level mutations or no mutations.

The large panel of 1459 genes scattered throughout all chromosomes allows us to detect chromosomal structural abnormalities
reliably in ¢fDNA. Th1459 gene panel covers significantly more genomic areas than our previous panel of 275 genes, which showed
reliability in detecting chromosomal losses and gains [15].

We also demonstrate that the cfRNA is highly valuable in evaluating expression levels of important genes that can reflect the
biology of the cancer and the host response when patients with various types of cancers are tested. We demonstrate that patients with
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B-cell lymphoid neoplasms show significantly higher levels of biomarkers associated with B-cell neoplasms such as CD19, CD22,
CD79B, CD79A and others. Similarly, cfRNA in patients with myeloid neoplasms show the expression of biomarkers specific for
myeloid neoplasms. This data suggests that cfRNA can provide information comparable to those typically obtained from flow
cytometry analysis of hematologic neoplasms. In solid tumors, cfRNA can reflect the typical biomarkers detected in solid tumors (CA-
125, CA-15-3, CEA and others). In fact evaluating expression of biomarkers typically evaluated by immunohistochemistry (IHC), such
as various keratin types, can also be performed using cfRNA and specific biomarkers evaluated by chemistry tests (CEA, PSA, CA-125
...) can also be performed by cfRNA. Using profiling with machine learning algorithms enhances the ability of the cfRNA profiles in
detecting specific diseases or processes in patients. Using the expression profiles of 30-60 genes in machine learning system can
distinguish patients with various neoplasms from normal control with high accuracy. The number of cases is small in this study but
distinguishing between normal and a specific disease seems to be reliable. Clearly it would be more reliable if DNA and RNA mutation
profile is integrated into the system as well. Distinguishing between reactive process and normal control was also reliable using only 10
biomarkers. However, distinguishing neoplastic diseases from combined reactive and normal cases was less reliable. This suggests that
the immune system markers play a major rule in distinguishing between normal and diseased status.

Immune system genes are between the list of genes (Table S3) used by the machine learning algorithms to distinguish specific
neoplasms from normal control. The ¢fRNA in normal individuals shows CD4:CD8 and T-cell:B-cell cfRNA markers ratios comparable
to those expected when actual cells are evaluated in peripheral blood by flow cytometry. This suggests that models can be developed to
establish the norm for cfRNA immune markers so abnormal relative immune biomarkers can be defined and used to evaluate the
immune system and its relevance and response to diseases and immune therapy. This data also suggests that there is a possibility that
the cfRNA can be used in reactive processes, autoimmune diseases and wellness programs.

The data presented in this paper is proof of principle and indicates that cell-free RNA can be reliably evaluated in health and
disease. cfRNA provides valuable information for predicting mutations that sometimes missed by cfDNA testing. cfRNA is reliable in
detecting fusion mRNA. This data suggests that for improving the capabilities of liquid biopsy, cfRNA should be evaluated along with
cfDNA or cfDNA to obtain comprehensive data on mutation profiling, chromosomal structural abnormalities and fusion genes. This
approach has a potential to increase sensitivity and specificity significantly for detecting minimal residual disease (MRD). Liquid
biopsy evaluating cfRNA and cfDNA also provide highly informative data that can be used for establishing specific diagnosis and
evaluating the immune response of the host as well as predicting discovering biomarkers for predicting response to various therapies
including immunotherapy. Furthermore, since the first indication of a neoplastic process is immune response [35,36] to the neoplastic
process cfRNA + cfDNA liquid biopsy evaluating host response and cancer biomarkers as well as mutations profile has the potential of
being used for early diagnosis and for screening. However, larger study is needed for confirming these findings and for developing
proper models for clinical applications of such technology and approach.
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