
PredicineWES+
Liquid Biopsy Boosted by Whole Exome Sequencing

PredicineWES+TM liquid biopsy sequencing solution offers rapid turnaround time for clinical applications. 
From a single sample, we provide low-pass whole genome sequencing (LP-WGS) data combined with 
broader coverage using WES and in-depth profiling using PredicineATLASTM focused pan cancer panels, 
based on tumor fraction of the sample. 

Screening with LP-WGS allows for informed decision making due to the additional breadth and depth of 
coverage provided by whole exome and focused pan-cancer panel sequencing.   

Workflow Flexibility

TM

Liquid Biospy Sequencing

Genome-wide Molecular Insights

Genomic profiling of cell-free DNA (liquid biopsy) using whole exome sequencing (WES+) provides insights 
into genome-wide variation and a high resolution of structural variations, rearrangements, and exon 
duplicates.  
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Genome-wide Molecular Insights

Genomic profiling of cell-free DNA (liquid biopsy)

using whole exome sequencing (WES) provides

insights into genome-wide variation and an unrivaled

resolution of structural variations, rearrangements,

and exon duplicates.

With Predicine’s proprietary next-generation

sequencing (NGS) pipeline and increasing

affordability of sequencing, genome-wide liquid

biopsy analysis enables unprecedented biomarker

analysis in clinical trials, treatment monitoring, and

acquisition of drug resistance with a single blood

draw.

Workflow Flexibility

Input Requirement

5-10ml blood, 2-5ml plasma, or 5-30ng cfDNA

Input Requirement

• Tumor fraction & ploidy analysis

• SNV, CNV, Indel and rearrangement

• TMB & MSI

Liquid Biospy Sequencing

Predicine’s comprehensive liquid biopsy sequencing

solution offers rapid turnaround time for critical

clinical applications. From a single sample, we

provide low-pass whole genome sequencing (LPWGS)

data combined with broader coverage using

WES and/or in-depth profiling using PredicineCARE

or PredicineATLAS focused pan cancer panels, based

on tumor fraction from the sample.

LP-WGS information is perfect for screening purpose

and allows for informed decision making as to the

additional breadth and depth of coverage provided

by whole exome or focused pan-cancer panel

sequencing.

Additional Information

• Designed for biopharma clinical trials

• Samples with tumor fraction (TF) >5% will proceed into 

the exome workflow, samples <5% are more suited for 

a focused panel such as PredicineCARE (152 genes) or 

PredicineATLAS (600 genes) sequencing.

LP-WGS: 2 weeks

Panel: 3 weeks

WES: 4 weeks

TAT
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Key Insights

• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 

negative metastatic breast cancer patients treated with CDK4/6 inhibitor 
Andrew A. Davis1, Jingqin Luo2, Tiantian Zheng3, Lu Tan3, Amy Wang3, Rama Suresh1, Foluso Ademuyiwa1, Caron Rigden1, Timothy Rearden1, Katherine Clifton1, Katherine 

Weilbaecher1, Ashley Frith1, Pavan K. Tandra4, Tracy Summa1, Britney Haas1, Shana Thomas1, Leonel Hernandez-Aya1, Lindsey Peterson1, Shujun Luo3, Chao Dai3, 
Bonnie L. King3, Jianjun Yu3, Pan Du3, Shidong Jia3, Jairam Krishnamurthy4, Cynthia X. Ma1

SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.

FUTURE DIRECTIONS

This presentation is the intellectual property of the author/presenter. 
Contact aadavis@wustl.edu for permission to reprint and/or distribute. 
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).
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We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}
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• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 

negative metastatic breast cancer patients treated with CDK4/6 inhibitor 
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SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).

A

bTMB at Baseline

# 
of

 P
at

ie
nt

s

Clinical Benefit

ESR1 Mutation

B

C

Setting 
De novo stage IV

Time (months) Time (months) Time (months)

PF
S

Kruskal-Wallis, p = 0.48

D

0      10      20      30      40      50
Frequency of Alterations (%)

0

500

1000

1500

Pred
40

0

Pred
80

0

Pred
60

0

Pred
15

00

Pred
13

00

Pred
19

00

Pred
10

1

Pred
28

00

Pred
20

0

Pred
30

1

Pred
39

00

Pred
36

00

Pred
38

00

Pred
44

00

Pred
40

1

Pred
22

00

Pred
41

00

Pred
14

00

Pred
35

00

Pred
46

00

Pred
43

00

Pred
48

00

Pred
47

00

Pred
21

00

Pred
20

1

Pred
49

00

Pred
31

00

Pred
51

00

Pred
50

00

Pred
30

00

Pred
20

00

Pred
45

00

Pred
17

00

Pred
70

0

Pred
11

00

Pred
32

00

Pred
29

00

Pred
24

00

Pred
34

00

Pred
10

00

Pred
26

00

Pred
10

0

Pred
30

0

Pred
12

00

Pred
27

00

Pred
25

00

Pred
50

0

Pred
40

00

Pred
42

00

Pred
90

0

Pred
33

00

PatientID Sorted from High PFS to Low PFS

bC
N

B

Clinical_Benefit

No
Yes

bC
N

B
at

 B
as

el
in

e

Patients ordered from longer to shorter PFS

0

500

1000

1500

Baseline C1D15 C2D1 Staging2 Progression
StudyVisit

bC
N

B

Patient ID: Pred2900

bC
N

B

Study Visit 

bC
N

B
at

 B
as

el
in

e

Clinical Benefit

A

B

C

bT
M

B
at

 B
as

el
in

e

bT
M

B
at

 B
as

el
in

e

Endocrine sensitiveEndocrine resistant

bT
M

B
at

 B
as

el
in

e

PF
S

PF
S

GE F

N = 10

N = 12N = 16 N =22

N = 40

N = 42N = 8

We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}
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• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 

negative metastatic breast cancer patients treated with CDK4/6 inhibitor 
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SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).
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We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P
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• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 
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SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).
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We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P
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• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 

negative metastatic breast cancer patients treated with CDK4/6 inhibitor 
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SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).
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We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

0 10 20 30 40 50

TP53
PIK3CA

RB1
CCND1

ESR1
KRT18

AURKA
BRCA2

ATM
PABPC3
ZNF141

PTEN
CDKN2A

EGFR
AKT3
DDR2

CBL
FLG

MUC5AC
MYC

BAP1
CDH1

PPP2R2A
PREX2
MUC12

TTN

Frequency of Alterations (%）

StudyVisit
Baseline
Progression

*

*

* McNemar Test p < 0.05

RESULTSINTRODUCTION

A

C

B

Plasma      >  cfDNA

Buffy Coat >  gDNA

RBCs

Endocrine Therapy + CDK4/6 Inhibitor Palbociclib

51 HR+/Her2-
MBC Patients

Receiving ET+CDK4/6I

BL C1D15 PDStagingC2D1 Staging Staging

PredicineWES+TM

LP-WGS

 

PredicineWES+TM:
Whole Exome (2,500X)

+
PredicineATLASTM 600 
Cancer Genes (20,000X)

LP-WGS: 3X CNB

SNVS, INDELS,
CNVS, FUSIONS, 

TMB

DNA EXTRACTION LIBRARY CONSTRUCTION BIOINFORMATICS PIPELINESEQUENCING

Blood Sample

Target Enrichment

# Blood
Samples 51

Serial blood samples 
collected during 

treatment, 
(n = 216) 

Germline DNA 
samples collected 

at baseline 
(n = 50)

47 51 2938

Baseline sample not 
sequenced by 

PredicineWES+TM
(n=1)

Progression sample 
failed library QC, 

(n = 1)

Sequenced by
PredicineWES+TM

(n = 78)

Sequenced by
LP-WGS 
(n = 216)

Sequenced by 
PredicineWES+TM

(n = 49)

Failed sequencing 
QC 

(n = 1)

Study Visit

1Department of Medicine, Division of Oncology, Washington University School of Medicine in St. Louis, MO; 2Dvision of Public Health Science, Department of Surgery, Biostatistics Shared Resource, Washington University in St. Louis, MO;
3Predicine, Inc., Hayward, CA 94545; 4Division of Oncology/Hematology, University of Nebraska Medical Center, Omaha, NE. 

• Using two comprehensive NGS platforms, PredicineWES+TM
and LP-WGS, to profile HR+ HER2- MBC patients receiving
ET+CDK4/6i we demonstrated that:

1. High bTMB and bCNB scores identify a subset of patients
who do not receive clinical benefit.

2. Dynamic changes in bCNB scores precede clinical
progression.

3. PredicineWES+TM extends the gold standard for deriving
TMB to plasma, detects additional prognostic biomarkers at
baseline and reveals novel alterations at progression that
may underly resistance.

• Patients with clinical benefit had significantly lower bTMB and
bCNB scores at baseline.

• Higher bTMB was associated with significantly shorter PFS.

• A majority of patients with high bTMB were endocrine resistant,
and high bTMB scores were significantly associated with ESR1
mutations at baseline.

• Serial bCNB changes demonstrated the potential of a blood-
based assay to detect progression prior to imaging.

• Previously reported and novel baseline alterations were
significantly associated with shorter PFS.

• Novel alterations were enriched at the time of clinical
progression.

METHODS

CONCLUSIONS

Blood tumor mutational burden and blood copy number burden by genome-wide circulating 
tumor DNA assessment predict outcome and resistance in hormone-receptor positive, HER2 

negative metastatic breast cancer patients treated with CDK4/6 inhibitor 
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SUMMARY OF RESULTS

• Determine if HR+ HER2- patients with high bTMB will benefit
from novel combination strategies including immunotherapy.

• Further characterize patterns of disease resistance at
progression.

• Evaluate bCNB dynamics to predict outcomes and detect
progression in an extended cohort.
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• CDK4/6 inhibitors combined with endocrine therapy improve
survival for HR+, HER2- MBC.

• However, biomarkers to predict efficacy and resistance are
needed.

• We hypothesized that a comprehensive next-generation
sequencing (NGS)-based liquid biopsy assessment of ctDNA
mutation and copy number burden may identify novel prognostic
and predictive biomarkers.

Figure 4: Baseline alterations associated with
shorter PFS. Baseline alterations in 91 genes were significantly
associated with worse PFS, including alterations previously implicated in
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, CCND1,
DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and RUNX1T1 (A). In
addition, baseline alterations in 61 genes outside of the PredicineATLASTM
panel were detected, such as PLCG1 (phospholipase C, gamma 1) (B).

Figure 3: Genomic alterations enriched at progression.
Comparison of the most frequently altered genes detected at progression vs. baseline
by PredicineWES+TM across all 28/29 patients who progressed and passed sequencing
QC. Enrichment at progression was observed for previously reported alterations
implicated in CDK4/6i and ET resistance, as well as for novel alterations in genes
outside of the PredicineATLASTM panel, including KRT18 and PABPC3.

• Serial blood samples were evaluated from the Alt Dose Palbo
trial (NCT03007979), a single-arm phase II study of palbociclib
plus letrozole or fulvestrant on a weekly schedule of 5 days
on/2 days off, in 28-day cycles, as the first- or second-line
treatment.

• PredicineWES+TM, an assay that combines whole exome
sequencing with deep coverage of 600 cancer genes targeted
by the PredicineATLASTM panel, was used to generate
genomic profiles of somatic single nucleotide variation (SNV),
indels and copy number variation (CNV), and determine blood
tumor mutation burden (bTMB) scores reflecting the number of
mutations per megabase of DNA.

• LP-WGS was used to generate blood copy number burden
(bCNB) scores representing a comprehensive measure of copy
number variation, including amplifications and deletions across
all chromosome arms.

Figure 5: bCNB scores predict clinical benefit
and increase before radiographic response
and clinical progression. A) bCNB scores across 51
patients at baseline. B) High bCNB scores (>100) were significantly
associated with lack of CB. C) Serial analysis of bCNB during treatment
revealed decreases at C1D15/C2D1, followed by increases that preceded
imaging detection of progressive disease in 9/18 of patients for whom
staging blood samples were analyzed.

Figure 1: Study schema and NGS ctDNA analyses.
A) Study schema. B) Sample collection at baseline (BL), and during treatment at cycle 1 day
15 (C1D15), C2D1, Q3-month staging scans without progressive disease (PD), and at imaging
detection of PD. C) NGS profiling with PredicineWES+TM and LP-WGS.

Figure 2: High bTMB is associated with poor patient
outcomes. A) Distribution of bTMB scores across 50 baseline patient samples
sequenced by PredicineWES+TM. High bTMB scores were significantly associated
with B) lack of clinical benefit (CB) defined as PD within 6 months and C) the
presence of ESR1 mutations at baseline. High bTMB scores were more common in
the D) endocrine resistant as compared to the endocrine sensitive cohort (per ESMO
2020 guidelines) and associated with significantly shorter PFS based on the following
cutoffs for bTMB: median (E), third quartile (F), and bTMB score of 10 (G).
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We performed Gene ontology (GO) analysis on the 91 genes with FDR p<0.05 with FDR log rank p<0.05 among a total of 195 genes which are
present in 3 or more patients and evalauted for PFS association.

LPWGS CNV
LPWGS data is good for large scale copy number events. So we can consider cytoband ampliÞcation.

allGene = cox_res$GeneID
##match for entrez ID
GeneAnnot <- toTable(org.Hs.egALIAS2EG) 

AllGeneAnnot = data.frame(GeneSymbol=allGene) %>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol"))

sigGeneAnnot = data.frame(GeneSymbol=sig_cox_res$GeneID)%>% left_join(GeneAnnot,by=c("GeneSymbol"="alias_symbol")
)
 
GO.Analysis(all.entrezID=AllGeneAnnot$gene_id,sig.entrezID=sigGeneAnnot$gene_id,file="PFSvariants_GOanalysis")

## mapped  89  significant genes
## mapped  200  genes in the universe
## mapped  86  significant genes
## mapped  193  genes in the universe
## mapped  91  significant genes
## mapped  206  genes in the universe

LPWGS = read_excel(paste(box_proj,box_file,sep=""),sheet="LPWGS")
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Cox model based C-index analysis of BL TMB and LPWGS scores for PFS
Similarly we calculate the HarrellÕs C-index in the Cox model Þtting where PFS and PFS event was modeled by a coefficient multiplying TMB and
a coefficient multiplying LPWGS abnormality score separately and the optimal cutoff to each of the score was calculated along which the optimal
cutoff point was identiÞed corresponding to the the maximally selected log-rank test statistics to dichotomize patients into two groups (>= cutoff
vs. <cutoff). The KM curve with log rank test comparing the two groups were generated.

BL TMB and LPWGS scores for setting of sensitive vs resistant disease setting
BL TMB and LPWGS scores were summarized and compared among clinical setting (endo sensitive, endo resistant, de novo stage IV) by Kruskal
Wallis test.

BL TMB and LPWGS scores for Bone disease
BL TMB and LPWGS scores were summarized and compared by bone disease (Y vs. N) by Wilcoxon rank sum test.

BL TMB and LPWGS scores for Visceral disease
BL TMB and LPWGS scores were summarized and compared by Visceral disease (Y vs. N) by Wilcoxon rank sum test.

circulating DNA SNV and CNV data
circulating DNA SNV
We read in the circulating DNA SNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and Þltered out silent mutation. We
reshaped the SNV into a gene by patient SNV counts (number of occurrences per pateint) matrix.

DNA CNV
We read in the circulating DNA CNV, Þltered out the germline SNVs, focused on the baseline samplesÕ SNV and reshaped the SNV into a gene by
sample SNV matrix.

Baseline Variant analysis
merge DNA SNV and CNV data
We Þrst aggregate SNV and CNV data together to the patient level, i.e., if a patient had any type of the variants.

Summarize variant (SNV + CNV) frequency
We summarized the mutation frequency for each gene, i.e., % of patients who had any SNV or CNV, all and then by CB.

CB Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without CB.

Bone disease Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

Visceral Differential variant frequency analysis
We further identiÞed by FisherÕs exact test the genes showing differential variant frequency between patients with and without bone mets.

BL variants with PFS
We associate presence of BL variants with PFS (restricting to the genes with variants present in >=3 patients). raw log rank test P values were
adjusted to control false discovery rate (FDR) and HR of patients with variants present vs those without were estimated from Cox model with 95%
CI. KM curves of the genes with signÞcant FDR adjusted log rank test P value were plotted.

cindex_TMB <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=TMBScore))
cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6276304

cindex_lpwgs <- with(clinic, Survival.CIndex(RFS=PFS,event=PFS_event,X=lpwgsAbnormalityScore))

cat("LPWGS abnormality score c-index=",cindex_lpwgs$c.index,"\n")

## LPWGS abnormality score c-index= 0.6294602

maxstat_TMB=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="TMBScore",dat=clinic,filename="KMc
urve_maxstat_TMBscore_originalScale.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by TMBScore
## M = 2.3599, p-value = 0.131
## sample estimates:
## estimated cutpoint 
##                3.6

## Log Rank test P (at maxstat optimal cutoff)= 0.01819592

cat("TMB maximally selected statistics based optimal cutoff=", maxstat_TMB$coef["cutoff"],", resulting in log ran
k test P=",maxstat_TMB$coef["logRankTestP_atOptimalcutoff"],"\n")

## TMB maximally selected statistics based optimal cutoff= 3.6 , resulting in log rank test P= 0.01819592

maxstat_lpwgs=Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="lpwgsAbnormalityScore",dat=clini
c,filename="KMcurve_maxstatLPWGS_originalScale.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat
")

## 
## Maximally selected LogRank statistics using Lau94
## 
## data:  Surv(PFS, PFS_event) by lpwgsAbnormalityScore
## M = 2.099, p-value = 0.3443
## sample estimates:
## estimated cutpoint 
##            367.478

## Log Rank test P (at maxstat optimal cutoff)= 0.09519413

cat("LPWGS abnormality score maximally selected statistics based optimal cutoff=", maxstat_lpwgs$coef["cutoff"],"
, resulting in log rank test P=",maxstat_lpwgs$coef["logRankTestP_atOptimalcutoff"],"\n")

## LPWGS abnormality score maximally selected statistics based optimal cutoff= 367.478 , resulting in log rank te
st P= 0.09519413

#maxstat_TMB=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="TMBScore",dat=clinic,filename="KMcurve_maxst
at_TMBscore.jpeg",xlab="PFS (months)",main="KM curve of TMB score by maxstat")

#maxstat_lpwgs=Run_Maxstat(OS_var="PFS",OS_event="PFS_event",pred_eqn="lpwgsAbnormalityScore",dat=clinic,filename
="KMcurve_maxstatLPWGS.jpeg",xlab="PFS (months)",main="kM curve of LPWGS score by maxstat")

cat("summary of TMB score by Setting\n")

## summary of TMB score by Setting

all=with(clinic, my.summary(TMBScore))

bySetting=with(clinic,do.call("rbind",tapply(TMBScore, Setting,my.summary)))

TMB_kruskal.p= kruskal.test(TMBScore~Setting,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(b
ySetting),sep=""),bySetting,check.names=F)),check.names=F)

TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_kruskal.p)

rm(all, bySetting)

write.csv(TMBscore_summary, file="TMBscore_summaryBySetting.csv",row.names=F,na="")

kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 0.2 0.24 1.1 5.865 1.8 11.209 3.9 33.24 47 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 0.1 0.152 0.525 7.523 1.4 11.555 10.025 32.865 35.7 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 0.2 0.31 0.75 1.525 1.35 1.056 2 3.345 3.4 0.6045905

par(mfrow=c(1,2))

p1= ggplot(clinic, aes(x=Setting, y=TMBScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=TMBScore, col=Setting),position=position_jitter())+
  labs(title="Boxplot of TMB score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))

bySetting=with(clinic,do.call("rbind",tapply(lpwgsAbnormalityScore, Setting ,my.summary)))

lpwgs_kruskal.p= kruskal.test(lpwgsAbnormalityScore~Setting,data=clinic)$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Setting=",rownames(bySe
tting),sep=""),bySetting,check.names=F)),check.names=F)

lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_kruskal.p)

write.csv(lpwgs_summary, file="lpwgs_summaryBySetting.csv",row.names=F,na="")

cat("lpwgs summary by Setting\n")

## lpwgs summary by Setting

#print lpwgs summary in nice html format
kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

do novo stage IV BL: Setting=do novo stage IV 17 0 17 36.973 37.13 52.739 236.383 117.166 276.972 221.152 881.627 882.203 NA

Endo_resistant BL: Setting=Endo_resistant 22 0 22 31.602 32.739 54.647 309.331 82.863 408.407 550.737 1304.366 1491.234 NA

Endo_sensitive BL: Setting=Endo_sensitive 12 0 12 45.194 46.459 65.817 254.377 145.312 307.262 282.606 949.909 1105.403 0.9158159

p2 = ggplot(clinic, aes(x=Setting, y=lpwgsAbnormalityScore, fill=Setting))+ 
  geom_boxplot()+geom_point(aes(x=Setting, y=lpwgsAbnormalityScore, col=Setting), position=position_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by setting",x="Setting", y = "BL lpwgs abnormality score")+theme
_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Bone Disease"="Bone.Disease"))
all=with(clinic, my.summary(TMBScore))
byBone=do.call("rbind",tapply(clinic$TMBScore, clinic$Bone.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Bone.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rowna
mes(byBone),sep=""),byBone,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByBoneDisease.csv",row.names=F,na="")

cat("TMBscore summary by Bone \n")

## TMBscore summary by Bone

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Bone Disease=N 10 0 10 0.3 0.322 0.425 1.8 0.7 2.47 1.8 7.165 8.2 NA

Y BL: Bone Disease=Y 41 0 41 0.1 0.2 0.8 6.476 1.6 11.042 3.9 35.7 47 0.1141962

p1= ggplot(clinic, aes(x=Bone.Disease, y=TMBScore, fill=Bone.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=TMBScore, col=Bone.Disease),position=position_jitter())+
  labs(title="Boxplot of TMB score by Bone disease (Y vs. N)",x="Bone Disease", y = "BL TMB score")+theme_classic
()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byBone=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Bone.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Bone.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Bone Disease=",rownames
(byBone),sep=""),byBone,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByBoneDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Bone\n")

## summary of lpwgs score by Bone

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Bone Disease=N 10 0 10 31.602 32.81 40.472 125.371 62.977 164.268 105.236 487.058 564.257 NA

Y BL: Bone Disease=Y 41 0 41 33.768 35.42 76.752 307.869 132.823 364.485 417.104 1135.295 1491.234 0.0464334

p2= ggplot(clinic, aes(x=Bone.Disease, y=lpwgsAbnormalityScore, fill=Bone.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Bone.Disease, y=lpwgsAbnormalityScore, col=Bone.Disease),position=position_jitt
er())+
  labs(title="Boxplot of lpwgs abnormality score by Bone Disease",x="Bone Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

rm(all, TMBscore_summary)
clinic = clinic %>% reshape::rename(c("Visceral Disease"="Visceral.Disease"))
all=with(clinic, my.summary(TMBScore))
byVisceral=do.call("rbind",tapply(clinic$TMBScore, clinic$Visceral.Disease,my.summary))
TMB_wilcox.p= wilcox.test(clinic$TMBScore~clinic$"Visceral.Disease")$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",r
ownames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
TMBscore_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(TMBscore_summary)-1), TMB_wilcox.p)
write.csv(TMBscore_summary, file="TMBscore_summaryByVisceralDisease.csv",row.names=F,na="")

cat("TMBscore summary by Visceral \n")

## TMBscore summary by Visceral

rm(all, byCB)
kbl(TMBscore_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 0.1 0.2 0.6 5.559 1.6 10.107 3.5 34.35 47 NA

N BL: Visceral Disease=N 25 0 25 0.1 0.16 0.5 5.868 1.2 11.371 3.4 36.98 47 NA

Y BL: Visceral Disease=Y 26 0 26 0.2 0.2 0.725 5.262 2.05 8.945 3.5 31.95 35.7 0.3701987

p1= ggplot(clinic, aes(x=Visceral.Disease, y=TMBScore, fill=Visceral.Disease)) + 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=TMBScore, col=Visceral.Disease),position=position_jitter())
+
  labs(title="Boxplot of TMB score by Visceral disease (Y vs. N)",x="Visceral Disease", y = "BL TMB score")+theme
_classic()

all=with(clinic, my.summary(lpwgsAbnormalityScore))
byVisceral=do.call("rbind",tapply(clinic$lpwgsAbnormalityScore, clinic$"Visceral.Disease",my.summary))
lpwgs_wilcox.p= wilcox.test(clinic$lpwgsAbnormalityScore~clinic$"Visceral.Disease")$p.value

lpwgs_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: Visceral Disease=",rown
ames(byVisceral),sep=""),byVisceral,check.names=F)),check.names=F)
lpwgs_summary$"Wilcoxon rank sum test P"=c(rep(NA,nrow(lpwgs_summary)-1), lpwgs_wilcox.p)
write.csv(lpwgs_summary, file="lpwgs_summaryByVisceralDisease.csv",row.names=F,na="")

cat("summary of lpwgs score by Visceral\n")

## summary of lpwgs score by Visceral

kbl(lpwgs_summary) %>%
  kable_paper(full_width = F) %>%
  scroll_box(width = "1000px", height = "200px")

1 BL 51 0 51 31.602 34.181 53.835 272.085 110.344 341.309 343.86 1127.822 1491.234 NA

N BL: Visceral Disease=N 25 0 25 31.602 32.902 43.322 250.821 81.206 369.612 207.033 1259.735 1491.234 NA

Y BL: Visceral Disease=Y 26 0 26 36.973 38.074 77.357 292.53 115.255 317.723 509.253 977.112 1135.295 0.2337241

p2= ggplot(clinic, aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, fill=Visceral.Disease))+ 
  geom_boxplot()+geom_point(aes(x=Visceral.Disease, y=lpwgsAbnormalityScore, col=Visceral.Disease),position=posit
ion_jitter())+
  labs(title="Boxplot of lpwgs abnormality score by Visceral",x="Visceral Disease", y = "BL lpwgs abnormality sco
re")+theme_classic()

gridExtra::grid.arrange(p1,p2, nrow=1,ncol=2)

snv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_SNV")
dim(snv)

## [1] 10197    25

##match for clinical PID
snv = snv %>% full_join(clinic%>% select(SubjectID, "Study ID"),by="SubjectID") #;all.equal(snv$StudyVisit,snv$`S
tudy ID`)
##StudyVisit is the clinical PID but just in case not all patients had SNV detected
snv = snv %>% reshape::rename(c("Study ID" = "PID"))

##time point
snv$Time = unlist(lapply(strsplit(snv$ExternalID,"_"), function(xx) xx[2]))
snv %>% dplyr::count(Time)

## # A tibble: 8 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline     7261
## 2 C1D15         155
## 3 C2D1          164
## 4 CStaging1      17
## 5 CStaging2      15
## 6 CStaging3      14
## 7 CStaging9      24
## 8 Progression  2547

snv %>% dplyr::count(Mutation_Status)##remove Likely Germline, but what about "Likely Background"????

## # A tibble: 10 x 2
##    Mutation_Status                     n
##    <chr>                           <int>
##  1 Germline                         1417
##  2 Likely Background                 501
##  3 Likely CHIP Variant                95
##  4 Likely Germline                   490
##  5 Likely somatic                     60
##  6 Likely Somatic                   4799
##  7 Likely Somatic [freq_pop>0.001]    20
##  8 Likely Somatic [freq_pop>0.005]     2
##  9 Likely Somatic [freq_pop>0.01]      8
## 10 Somatic                          2805

##remove germline,likely germline and background mutation
snv = snv %>% dplyr::filter(!Mutation_Status%in%c("Germline","Likely Germline", "Likely Background"))
cat("after mutation filtering\n")   

## after mutation filtering

snv %>% dplyr::count(Mutation_Status)

## # A tibble: 7 x 2
##   Mutation_Status                     n
##   <chr>                           <int>
## 1 Likely CHIP Variant                95
## 2 Likely somatic                     60
## 3 Likely Somatic                   4799
## 4 Likely Somatic [freq_pop>0.001]    20
## 5 Likely Somatic [freq_pop>0.005]     2
## 6 Likely Somatic [freq_pop>0.01]      8
## 7 Somatic                          2805

##focus on the BL variants
snv = snv %>% dplyr::filter(Time=="Baseline")
cat("Focus on BL\n")   

## Focus on BL

snv %>% dplyr::count(Time)

## # A tibble: 1 x 2
##   Time         n
##   <chr>    <int>
## 1 Baseline  5433

cat("variants count (allow multiple occurrences of a patient)\n")

## variants count (allow multiple occurrences of a patient)

snv %>% dplyr::count(Variant_Classification)

## # A tibble: 11 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Silent                    30
## 10 Splice_Site               10
## 11 Translation_Start_Site     6

##filter out silent mutation
cat("after excluding silent mutations\n")

## after excluding silent mutations

snv = snv %>% dplyr::filter(Variant_Classification!="Silent")
snv %>% dplyr::count(Variant_Classification)

## # A tibble: 10 x 2
##    Variant_Classification     n
##    <chr>                  <int>
##  1 5'UTR                      2
##  2 Frame_Shift_Del          128
##  3 Frame_Shift_Ins           36
##  4 In_Frame_Del              44
##  5 In_Frame_Ins               1
##  6 Missense_Mutation       4744
##  7 Nonsense_Mutation        427
##  8 Nonstop_Mutation           5
##  9 Splice_Site               10
## 10 Translation_Start_Site     6

#junk= snv %>% tidyr::spread(key="Hugo_Symbol", value= "Variant_Classification")
snv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(snv))
snv_mat = data.frame(snv_mat)
rownames(snv_mat) = snv_mat$Hugo_Symbol
snv_mat = snv_mat %>% dplyr::select(-Hugo_Symbol) 

write.csv(snv_mat,file="Baseline_SNV_countMatrix.csv",row.names=T)
##double check
#snv_mat["RB1",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="RB1")
#snv_mat["TP53",]
#junk = snv %>% dplyr::filter(Hugo_Symbol=="TP53")

cnv = read_excel(paste(box_proj,box_file,sep=""),sheet="DNA_CNV")
##StudyVisit is the clinical PID
cnv = cnv %>% reshape::rename(c("StudyVisit" = "PID"))
cnv$Time = unlist(lapply(strsplit(cnv$ExternalID,"_"), function(xx) xx[2]))
cnv %>% dplyr::count(Time)

## # A tibble: 5 x 2
##   Time            n
##   <chr>       <int>
## 1 Baseline      228
## 2 C1D15          12
## 3 C2D1           11
## 4 CStaging9       1
## 5 Progression   185

##restrict to BL CNV
cnv = cnv %>% dplyr::filter(Time=="Baseline")
cnv_mat = dcast(Hugo_Symbol~PID, value.var ="Variant_Classification",fun.aggregate=length, data=data.table(cnv))
cnv_mat = data.frame(cnv_mat)
rownames(cnv_mat) = cnv_mat$Hugo_Symbol
cnv_mat = cnv_mat %>% dplyr::select(-Hugo_Symbol) 
write.csv(cnv_mat,file="Baseline_CNV_CountMatrix.csv",row.names=T)

##aggregate SNV+CNV
allGeneID=sort(unique(c(rownames(snv_mat),rownames(cnv_mat))))
allSampleID= sort(unique(c(colnames(snv_mat),colnames(cnv_mat))))
snv_cnv_mat = matrix(0,nrow=length(allGeneID),ncol=length(allSampleID),dimnames=list(allGeneID,allSampleID))
snv_mat = as.matrix(snv_mat)
cnv_mat = as.matrix(cnv_mat)
snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)] = snv_cnv_mat[rownames(snv_mat),colnames(snv_mat)]+snv_mat[rowna
mes(snv_mat),colnames(snv_mat)]

snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)]= snv_cnv_mat[rownames(cnv_mat),colnames(cnv_mat)] + cnv_mat[rown
ames(cnv_mat),colnames(cnv_mat)]
##make binary snv cnv matrix
write.csv(snv_cnv_mat,file="SNV_CNV_mat.csv",row.names=T)
binary_snv_cnv = 1*(snv_cnv_mat>=1)

##CB PID
CB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="Y")%>% dplyr::select('Study ID') %>% unlist()
##no CB PID
noCB_PID = clinic%>% dplyr::filter(CLINICAL.BENEFIT=="N")%>% dplyr::select('Study ID') %>% unlist()

##summairze variant frequency at patient level overall and by CB
mutFreq <- MutationFreq(mut.count=t(snv_cnv_mat),binary.mut=t(binary_snv_cnv),Cohort="All",title=paste("All sampl
es (N=",nrow(binary_snv_cnv),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5perc=17)

mutFreq_CB <- MutationFreq(mut.count=t(snv_cnv_mat[,CB_PID]),binary.mut=t(binary_snv_cnv[,CB_PID]), Cohort="Patie
nts with CB",title=paste("Patients with CB (N=",length(CB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.5,xaxis_5p
erc=17)

mutFreq_noCB <- MutationFreq(mut.count=t(snv_cnv_mat[,noCB_PID]),binary.mut=t(binary_snv_cnv[,noCB_PID]),Cohort="
Patients with CB",title=paste("Patients without CB (N=",length(noCB_PID),")",sep=""),xaxis_all=2.5,xaxis_3perc=9.
5,xaxis_5perc=17)

##remove genes absent in all patients
count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx <- which(count_variant>=1)
binary_snv_cnv <- binary_snv_cnv[keep_idx,]

clinic_BL=data.frame(clinic)
rownames(clinic_BL) = clinic$`Study ID`
clinic_BL = clinic_BL[colnames(binary_snv_cnv),]
cat("sample matched in clinic and variant matrix.\n")

## sample matched in clinic and variant matrix.

all.equal(rownames(clinic_BL), colnames(binary_snv_cnv))

## [1] TRUE

##differential 
CB.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="CLINICAL.BENEFIT",zz.
var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_CB_vs_noCB.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute=F
ALSE,NPERM=10)

##remove genes absent in all patients

##differential 
bone.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Bone.Disease",zz.va
r=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Bone_vs_noBone.csv",DoTable=TRUE,pcutoff=0.05,save=TRUE,DoPermute
=FALSE,NPERM=10)

##remove genes absent in all patients

##differential 
visceral.diff <- MutationFisherCMHTest(clinic=clinic_BL,mut=t(binary_snv_cnv),geneID=NULL,yy.var="Visceral.Diseas
e",zz.var=NULL, ncutoff=1,mutcutoff=1,filename="GeneMut_Visceral_vs_noVisceral.csv",DoTable=TRUE,pcutoff=0.05,sav
e=TRUE,DoPermute=FALSE,NPERM=10)

##remove genes absent in all patients

count_variant  = rowSums(binary_snv_cnv,na.rm=TRUE)
keep_idx2 <- which(count_variant>=3)
binary_snv_cnv2 <- binary_snv_cnv[keep_idx2,]
#dim(binary_snv_cnv2)
cat(nrow(binary_snv_cnv2)," genes with variants in >=3 patients\n")

## 195  genes with variants in >=3 patients

geneID = rownames(binary_snv_cnv2)
cox_res = NULL 

for(gene_idx in 1:nrow(binary_snv_cnv2))
{
  
  xx = factor(binary_snv_cnv2[gene_idx,],levels=c(0,1),labels=c("No_Variant","Variant"))
  
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=F,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID[gene_idx])
  
out = data.frame(GeneID=geneID[gene_idx], logrank.p=temp$pval, HR=temp$HR)

if(gene_idx==1) cox_res= out else cox_res=cox_res %>% dplyr::bind_rows(out)
}
cox_res$FDR.logrank.p <- p.adjust(cox_res$logrank.p,method="fdr")
cox_res = cox_res %>% dplyr::select(-HR.Level) %>% dplyr::arrange(logrank.p)

write.csv(cox_res,file="Variants4PFS.csv",row.names=F)  

sig_cox_res = cox_res %>% dplyr::filter(FDR.logrank.p<0.05)
cat(nrow(sig_cox_res)," genes' variants were significantly associated with PFS with FDR p<0.05\n")

## 91  genes' variants were significantly associated with PFS with FDR p<0.05

par(mfrow=c(2,2))

for(geneID0 in sig_cox_res$GeneID)
{
  
  xx = factor(binary_snv_cnv2[geneID0,],levels=c(0,1),labels=c("No_Variant","Variant"))
  temp <-  LogRank.Pvalue.KM(OS=clinic_BL$PFS,Event=clinic_BL$PFS_event,xx=xx,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("blue","red"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main=geneID0)
  Add.n.risk(OS=clinic_BL$PFS,Group=xx,time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.seq=c("blue","red"),c
ex=1)
}

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P

Set Total.n n.NA n min 2.5% 25% mean median sd 75% 97.5% max Wilcoxon rank sum test P
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Baseline alterations associated with shorter 
progression-free survival (PFS)
Baseline alterations in 91 genes were significantly associated 
with worse PFS, including alterations previously implicated in 
CDK4/6i and ET resistance such as AR, ATM, AURKA, BRCA2, 
CCND1, DDR2, ESR1, FAT1, FGFR4, FOXP1, MYC, RB1, and 
RUNX1T1 (A). In addition, baseline alterations in 61 genes 
outside of the PredicineATLASTM panel were detected, such as 
PLCG1 (phospholipase C, gamma 1) (B)

Conclusions

• Previously reported and novel baseline alterations were significantly associated with shorter progression-free survival.
• PredicineWES+TM extends the gold standard for deriving TMB to plasma, detects additional prognostic biomarkers at 

baseline and reveals novel alterations at progression that may underly resistance.
• For more detail, please see link to poster below.

2021. Blood tumor mutational burden and clood copy number burden by genome-wide circulating tumor DNA assessment predict outcome and 
resistance in hormone-receptor positive, HER2 negative metastatic breast cancer patients treated with CDK4/6 inhibitor. SABCS. Decmber 7-10, 2021.
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Variant Type Reportable 
Range

Allelle Frequency/
Copy Number

Sensitivity Positive 

Predictive 

Value (PPV)

Single Nucleotide 

Variations
≥0.05%

0.375% AF 100% 100%

0.25% AF 99.1% 100%

0.1% AF 45.5% 100%

Indels ≥0.05%

0.375% AF 100% 100%

0.25% AF 100% 100%

0.1% AF 66.7% 100%

DNA Re-arrangement ≥0.05%

0.375% AF 100% 100%

0.25% AF 100% 100%

0.1% AF 66.7% 100%

Copy Number Gain ≥2.18 2.21-2.28 copies 100% 100%

Reportable 
Range

Allelle Frequency/
Copy Number

Sensitivity Positive 

Predictive 

Value (PPV)

≥0.1%
0.3% AF 98.2% 100%

0.1% AF 36.4% 100%

≥0.1%
0.3% AF 98.3% 100%

0.1% AF 50.0% 100%

≥0.1%
0.3% AF 100% 100%

0.1% AF 33.3% 100%

≥2.2 2.25-2.34 copies 100% 100%

Urine (ATLAS Boosted Regions)Plasma (ATLAS Boosted Regions)

Variant Type Reportable 
Range

Allelle Frequency Sensitivity Positive 

Predictive 

Value (PPV)

Single Nucelotide 

Variations
≥0.05% 2.5% AF 95.2% 100%

 

Plasma (WES Region) Urine (WES Region)

Reportable 
Range

Allelle Frequency Sensitivity Positive 

Predictive 

Value (PPV)

≥0.01% 2.5% AF 95.2% 100%

Sequencing

TAT

Specimen Type and 

Requirement 

CLIA RUO

Liquid 
biopsy

20 mL blood
20-40 mL urine

2-5 mL plasma
4-10 mL blood
20-40 mL urine

CLIA RUO

Tissue 
biopsy

 ≥ 1mm3 tissue
(5-10 FFPE slides)

≥ 1mm3 tissue
(5-10 FFPE slides)

Illumina NGS

10 days


