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Supplementary Figure 1. High bTMB is associated with the presence of specific gene 

alterations.  High baseline bTMB scores were significantly associated with higher frequencies of 
mutations in ARIDIA (P = 0.036), BSN (P = 0.004), CDH1(P = 0.005), DNAH10 (P = 0.093), DSP(P = 
0.036), MUC6(P = 0.024), MUC16(P = 0.0007), PIK3CA(P = 0.0007) AND USH2A (P = 0.002) 
(Wilcoxon test). Following adjustment for FDR, associations remained significant for PIK3CA (P = 
0.016), CDH1 (P = 0.036) and USH2A (P = 0.032). 
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Supplementary Figure 2. ROC analysis to determine optimal cutoff point of bTMB for clinical 

benefit. To gauge the predictive ability of baseline bTMB (N = 50) and to identify an optimal cutoff 
point for clinical benefit (CB), we conducted ROC analysis on baseline bTMB with CB. The ROC 
curve was plotted for each potential cutoff on the bTMB score, with estimated AUC (0.76, 95% 
CI=0.574~0.946) and the optimal cutoff point identified at 3.154 with the corresponding 
specificity (0.775) and sensitivity (0.7). The optimal cutoff point of 3.154 coincides with the upper 
75% quartile (3.8) of patients’ bTMB, which was used to dichotomize patients throughout this 
study, unless otherwise stated. 

Alternate Dosing Trial: Predicine ctDNA pTMB
(WES+) in association with Patient outcomes
Jingqin Luo
9/28/2021

Analysis overview
TMB summarizes overall DNA mutation abnormality and has been shown to be associated with patient outcomes. predicine generates TMB from
the ctDNA sequencing data. Here we focus on the pTMB (WES+) metric to assess its association with patient outcoime.

We will associate pTMB (WES+) with CB and patient PFS to produce:

Figure 1: Distribution of pTMB by clinical benefit (CB) Figure 2: pTMB association with patient survival

Patient clinical data
We directly read in the cilinical data from the project’s wustl box folder to organize the clinical data.

Clinical benefit (CB) was defined as CR, PR and SD lasting at least 6 wks versus SD but lasting less than 6 wks and progression (PD).

PFS was defined from date on treatment to date off treatment if patient progressed or died or off treatment date due to treatment related AEs, to
date of last scan if treatment is still on going or patient is lost to follow up. The PFS events included progression or death.

box_proj = "C:/Users/jingqinluo/Box/Ma Study Folder/Palbo Alt Dosing/"
box_clinicFile="PRDC-WUSTL-CDKI-201612098_cfDNA_data_20210524_ST1.xlsx"

##read in clinic data
clinic = read_excel(paste(box_proj,box_clinicFile,sep=""),sheet="Response Data")
clinic = data.frame(clinic)##make the column names legal
clinic %>% dplyr::count(CLINICAL.BENEFIT)

##   CLINICAL.BENEFIT  n
## 1                N 10
## 2                Y 41

clinic = clinic %>% mutate(BEST.RESPONSE=factor(toupper(BEST.RESPONSE),levels=c("CR","PR","SD","PD")))
clinic%>% dplyr::count(BEST.RESPONSE)

##   BEST.RESPONSE  n
## 1            CR  3
## 2            PR 15
## 3            SD 27
## 4            PD  6

##clean up setting:sensitive vs. resistance
clinic$Setting = "Endo_sensitive"
clinic$Setting[grep("resistance", clinic$SETTING.OF.THERAPY)]="Endo_resistant"
clinic$Setting[grep("de novo", clinic$SETTING.OF.THERAPY)]="do novo stage IV"
clinic %>% dplyr::count(Setting)

##            Setting  n
## 1 do novo stage IV 17
## 2   Endo_resistant 22
## 3   Endo_sensitive 12

##clean date formats and define DateOffTrT as OFF.Treatment if progressed, EXPIRED_DATE if not progressed but die
d, and date of last scan if alive)
clinic = clinic %>% mutate (ON.STUDY=as.Date(ON.STUDY), PFS_event = ifelse(OFF.Treatment == "ongoing" & !is.na(DA
TE.OF.LAST.SCAN),0,1), DateOffTrT=as.Date(as.numeric(OFF.Treatment),origin="1899-12-30"), EXPIRED_DATE=as.Date(EX
PIRED_DATE))
#clinic = clinic %>% mutate(DateOffTrT= as.Date(DateOffTrT, origin="1899-12-30"))

clinic$DateOffTrT[is.na(clinic$DateOffTrT)] = as.Date( clinic$DATE.OF.LAST.SCAN [is.na(clinic$DateOffTrT)] )
clinic$DateOffTrT[is.na(clinic$DateOffTrT)] = as.Date( clinic$EXPIRED_DATE [is.na(clinic$DateOffTrT)] )
#clinic %>% dplyr::select(Participant_PPID:EXPIRED_DATE, DateOffTrT, PFS_event) %>% filter(OFF.Treatment=="ongoin
g")

clinic %>% dplyr::count(PFS_event)

##   PFS_event  n
## 1         0 15
## 2         1 36

##calculate PFS using lubricate interval
temp=lubridate::interval(start=clinic$ON.STUDY, end=clinic$DateOffTrT)
temp=lubridate::as.duration(temp) / dmonths(1)##in the unit of months
#summary(temp)
clinic$PFS=temp
cat("summary of PFS (in unit of months)\n")

## summary of PFS (in unit of months)

my.summary(clinic$PFS)

## Total.n    n.NA       n     min    2.5%     25%    mean  median      sd     75% 
##  51.000   0.000  51.000   1.413   2.669   7.474  17.384  15.441  12.418  26.398 
##   97.5%     max 
##  43.441  45.437

##read in bone met data from new spreadsheets and merge with clinic
boneMet = read_excel(paste(box_proj,"Baseline_PatientData_Predicine.xlsx",sep=""),sheet=1)
clinic = clinic %>% full_join(boneMet,by=c("Pred.ID"="Pred ID"))
#table(clinic$`Clinical Benefit`,clinic$CLINICAL.BENEFIT)
#table(clinic$"Setting of Therapy", clinic$Setting)

clinic$`Setting of Therapy`[which(clinic$`Setting of Therapy`=="Endcorine sensitive")] = "Endocrine sensitive"
##summary of the columns 
clinic %>%
    gather(key="key", value="value", "Clinical Benefit","De Novo Metastatic","Bone Disease","Visceral Disease","S
etting of Therapy") %>% 
    group_by(value) %>%
    summarise(n=n())

## # A tibble: 7 x 2
##   value                   n
##   <chr>               <int>
## 1 de novo stage IV       17
## 2 Endocrine resistant    19
## 3 Endocrine Resistant     1
## 4 Endocrine sensitive    12
## 5 Endocring resistant     2
## 6 N                      78
## 7 Y                     126

write.csv(clinic, file="organizedClinic.csv",row.names=F)

Read in TMB score
The pTMB scores were derived with WES+ (new method). WES+ uses a default VAF cutoff of 0.35, includes synonymous mutations, whitelist
mutations, but not indels.

box_file="WashU_TmbInfo_combined_0.35_5.xlsx"

##read in the predicine requisition ID
predicineID=read_excel(paste(box_proj,box_clinicFile,sep=""),sheet="DNA_QC_Summary")
predicineID = predicineID %>% dplyr::select(RequisitionID, SubjectID, "Study ID", StudyVisit)
dim(predicineID)##83*4

## [1] 83  4

##read in new TMB score
score = read_excel(paste(box_proj,box_file,sep=""),sheet=1)
dim(score)##71 *10

## [1] 71 10

head(data.frame(score))

##        ID Atlas_pTMB_norm.old Atlas_pTMB_norm.new Atlas_maxAF_TMB
## 1 P050633            34.25700            32.15600          14.100
## 2 P050689            19.36200            17.75600           2.620
## 3 P050641             0.74471             0.74471           0.374
## 4 P050678            24.57500            22.52500           3.600
## 5 P050669            82.66300            79.34900           4.280
## 6 P050659             8.19180             7.89540           3.780
##   WES_pTMB_norm.old WES_pTMB_norm.new WES_maxAF_TMB Care_pTMB_norm.old
## 1          23.23000           34.7250          15.4            37.8160
## 2          35.71900           33.8230           6.6            17.1890
## 3           0.80885            0.9623          17.8             0.0000
## 4          15.91800           20.5920          10.4            27.5030
## 5          47.04300           71.6900           4.9            75.6320
## 6          12.58600           13.5760          16.2             6.8756
##   Care_pTMB_norm.new Care_maxAF_TMB
## 1            30.0650          11.40
## 2            15.0640           1.43
## 3             0.0000           0.00
## 4            21.6160           3.60
## 5            68.8290           3.41
## 6             6.5858           3.45

##merge with predicineID data to get trial ID
newScore = predicineID %>% inner_join(score, by=c(  "RequisitionID" = "ID"))

##Three pTMB scores: WES_pTMB_norm.new, Atlas_pTMB_norm.new and Care_pTMB_norm.new but we will focus on WES_pTMB 
for now
score = newScore %>% dplyr::rename("pTMB_WES"="WES_pTMB_norm.new")

cat("by time points\n")

## by time points

##time points info: 
score%>% dplyr::count(StudyVisit)

## # A tibble: 4 x 2
##   StudyVisit      n
##   <chr>       <int>
## 1 Baseline       50
## 2 C1D15           1
## 3 C2D1            1
## 4 Progression    19

cat("summary of TMB of all time points \n")

## summary of TMB of all time points

with(score,my.summary(pTMB_WES))[-c(1,2)]

##      n    min   2.5%    25%   mean median     sd    75%  97.5%    max 
## 71.000  0.097  0.194  1.156  7.230  2.284 13.389  4.374 48.811 71.690

cat("summary of Baseline TMB\n")

## summary of Baseline TMB

BL_score = score %>% dplyr::filter(StudyVisit=="Baseline")
with(BL_score,my.summary(pTMB_WES))[-c(1:2)]

##      n    min   2.5%    25%   mean median     sd    75%  97.5%    max 
## 50.000  0.097  0.201  1.008  7.095  1.848 13.972  3.855 44.003 71.690

cat("summary of at progression TMB\n")

## summary of at progression TMB

Progression_score = score %>% dplyr::filter(StudyVisit=="Progression")
with(Progression_score,my.summary(pTMB_WES))[-c(1:2)]

##      n    min   2.5%    25%   mean median     sd    75%  97.5%    max 
## 19.000  0.194  0.207  1.852  7.923  3.212 12.806  7.946 39.259 55.254

#histogram of TMB among all and in BL samples
p1= ggplot(score, aes(x=pTMB_WES)) + 
  geom_histogram()+labs(x="pTMB (WES+) in all samples", y = "Counts")+theme_classic()
p1

#histogram of TMB among all and in BL samples
p2= ggplot(BL_score, aes(x=pTMB_WES)) + 
  geom_histogram()+labs(x="pTMB (WES+) in baseline samples", y = "Counts")+theme_classic()
p2

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

#median and 75% quantile 
med = with(BL_score,median(pTMB_WES,na.rm=T))
cat("median pTMB_WES in baseline samples=", med, "\n")

## median pTMB_WES in baseline samples= 1.84765

q3 = with(BL_score,quantile(pTMB_WES,prob=0.75))
cat("75% quantile pTMB_WES in baseline samples=", q3, "\n")

## 75% quantile pTMB_WES in baseline samples= 3.855325

#cut BL pTMB into low/high by median and 75% quantile 
BL_score = BL_score %>% mutate(TMB_byMedian= factor(ifelse(pTMB_WES > med, "high","low"),levels=c("low","high")), 
TMB_byQ3= factor(ifelse(pTMB_WES>q3, "high","low"),levels=c("low","high")))

BL_score %>% dplyr::count(TMB_byMedian)

## # A tibble: 2 x 2
##   TMB_byMedian     n
##   <fct>        <int>
## 1 low             25
## 2 high            25

BL_score %>% dplyr::count(TMB_byQ3)

## # A tibble: 2 x 2
##   TMB_byQ3     n
##   <fct>    <int>
## 1 low         37
## 2 high        13

BL TMB association with CB
We merged the baseline TBM with clinical data to summarize baseline TMB by clinical benefit. We then compared the scores by CB (CR, PR,
SD>16 wks) vs. non-CB (SD<16 wks , PD) by Wilcoxon rank sum test for TMB.

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

## summary of TMB score by CB

dim(clinic)

## [1] 51 20

clinic = clinic %>% dplyr::full_join(BL_score, by=c("Participant_PPID"="Study ID"))

cat("A patient without BL pTMB WES\n")

## A patient without BL pTMB WES

clinic %>% dplyr:: filter (is.na(pTMB_WES))

##   Pred.ID Participant_PPID   ON.STUDY OFF.Treatment DATE.OF.LAST.SCAN
## 1 Pred200           PAD002 2017-07-19         43880              <NA>
##   EXPIRED_DATE PFS.DURATION BEST.RESPONSE CLINICAL.BENEFIT    OFF.STUDY.REASON
## 1   2020-08-04        33.75            CR                Y disease progression
##                      SETTING.OF.THERAPY          Setting PFS_event DateOffTrT
## 1 1st line metastatic, de novo stage IV do novo stage IV         1 2020-02-19
##        PFS De Novo Metastatic Bone Disease Visceral Disease Clinical Benefit
## 1 31.04723                  Y            N                Y                Y
##   Setting of Therapy RequisitionID SubjectID StudyVisit Atlas_pTMB_norm.old
## 1   de novo stage IV          <NA>      <NA>       <NA>                  NA
##   Atlas_pTMB_norm.new Atlas_maxAF_TMB WES_pTMB_norm.old pTMB_WES WES_maxAF_TMB
## 1                  NA              NA                NA       NA            NA
##   Care_pTMB_norm.old Care_pTMB_norm.new Care_maxAF_TMB TMB_byMedian TMB_byQ3
## 1                 NA                 NA             NA         <NA>     <NA>

##50 patients have BL pTMB_WES
clinic = clinic %>% dplyr:: filter(!is.na(pTMB_WES))

##boxplot of pTMB by CB
p1= ggplot(clinic, aes(x=CLINICAL.BENEFIT, y=pTMB_WES, fill=CLINICAL.BENEFIT)) +   geom_boxplot()+
  #geom_point(aes(x=CLINICAL.BENEFIT, y=pTMB_WES, col=CLINICAL.BENEFIT),position=position_jitter())+
  labs(x="Clinical Benefit", y = "BL pTMB (WES+)")+theme_classic()
p1

p1= ggplot(clinic, aes(x=CLINICAL.BENEFIT, y=log(pTMB_WES),fill=CLINICAL.BENEFIT))+   geom_boxplot()+
 labs(x="Clinical Benefit", y = "BL pTMB (WES+) in log scale")+theme_classic()
p1

cat("BL TMB summary\n")

## BL TMB summary

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

byCB=with(clinic,do.call("rbind",tapply(pTMB_WES, CLINICAL.BENEFIT,my.summary)))
TMB_wilcox.p= wilcox.test(pTMB_WES~CLINICAL.BENEFIT,data=clinic)$p.value

TMBscore_summary = data.frame(rbind(c(Set="BL",all, check.names=F),data.frame(Set=paste("BL: CB=",rownames(byCB),
sep=""),byCB,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="BL_TMB_summaryByCB.csv",row.names=F,na="")

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

1 BL 50 0 50 0.097 0.201 1.008 7.095 1.848 13.972 3.855 44.003 71.69 NA

N BL: CB=N 10 0 10 0.915 0.926 2.302 16.174 8.895 17.074 31.192 44.004 46.663 NA

Y BL: CB=Y 40 0 40 0.097 0.192 0.691 4.825 1.629 12.311 2.832 34.77 71.69 0.0120627

Association of BL TMB (by median or Q3 cutoff) with PFS
par(mfrow=c(1,2))
temp <- with(clinic, LogRank.Pvalue.KM(OS=PFS,Event=PFS_event,xx=TMB_byMedian,strata.var=NULL,file0=NULL,unit="mo
nths",plot=T,lty=NULL,col=c("red","blue"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.
loc="topright",xlab="PFS (months)",main="KM curves of BL TMB by median cutoff"))
with(clinic, Add.n.risk(OS=PFS,Group=as.character(TMB_byMedian),time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,
col.seq=c("red","blue"),cex=1))

##    0  3  6  9 12 15 18 21 24 27 30 33 36 39 42 45
## 1 25 18 16 12 11  8  6  4  4  2  1  1  1  1  1  1
## 2 25 23 23 22 19 17 14 11 10 10  7  5  4  4  1  0

temp <- with(clinic, LogRank.Pvalue.KM(OS=PFS,Event=PFS_event,xx=TMB_byQ3,strata.var=NULL,file0=NULL,unit="months
",plot=T,lty=NULL,col=c("red","blue"),legend=T,cutoff=NULL,legend.cex=1,col.dat=NULL,level.label=NULL,legend.loc=
"topright",xlab="PFS (months)",main="KM curves of BL TMB by Q3 cutoff"))
with(clinic, Add.n.risk(OS=PFS,Group=as.character(TMB_byQ3),time.seq=seq(0,45,by=3),top.ypos=0.1,left.xpos=0,col.
seq=c("red","blue"),cex=1))

##    0  3  6  9 12 15 18 21 24 27 30 33 36 39 42 45
## 1 13  8  7  5  4  2  1  1  1  0  0  0  0  0  0  0
## 2 37 33 32 29 26 23 19 14 13 12  8  6  5  5  2  1

par(mfrow=c(1,1))

ROC analysis of BL TMB for CB
To gauge the predictive ability of BL TMB and to identify an optimal cutpoint for CB, we conducted ROC analysis on BL TMB with CB. The ROC
curve was plot for each TMB score, with estimated AUC and the optimal cutoff point identified on the ROC curve with the corresponding
specificity and sensitivity.

Similarly we calculate the Harrell’s C-index and the maximum statistics for PFS to identify optimal cutoff point.

roc_TMB = roc(ifelse(CLINICAL.BENEFIT=="N",1,0)~pTMB_WES,dat=clinic, plot=FALSE, smooth=FALSE, auc=TRUE, ci=TRUE)
roc_TMB$auc

## Area under the curve: 0.76

par(mfrow=c(1,1),pty="s")

plot(roc_TMB,add=FALSE,lty=1,col="blue",print.auc=TRUE,print.auc.col="blue",print.thres=TRUE,print.thres.pch=20,p
rint.thres.cex=1.6, print.auc.cex=1.6, cex.lab=2,cex.text=1.6,main="ROC of BL TMB",xlim=c(1, 0), ylim=c(0,1))

Cox model based C-index analysis of BL TMB for PFS
Similarly we calculate the Harrell’s C-index in the Cox model fitting where PFS and PFS event was modeled by a coefficient multiplying TMB and
the optimal cutoff to each of the score was calculated along which the optimal cutoff point was identified 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.

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

cat("TMB c-index=",cindex_TMB$c.index,"\n")

## TMB c-index= 0.6379638

maxstat_TMB = Run_Maxstat_univariate(OS_var="PFS",OS_event="PFS_event",pred_var="pTMB_WES",dat=clinic,filename="K
Mcurve_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 pTMB_WES
## M = 2.7971, p-value = 0.06097
## sample estimates:
## estimated cutpoint 
##             3.4375

## Log Rank test P (at maxstat optimal cutoff)= 0.00254269

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= 3.4375 , resulting in log rank test P= 0.00254269

include_graphics(
  path="W:/Jingqin/CynthiaMa/Palbo_alternativeDosing/cfDNA_SNV_CNV/Analysis09282021/maxstat_KMcurve_maxstat_TMBsc
ore_originalScale.jpeg",
  dpi = 300,
  error = getOption("knitr.graphics.error", TRUE)
)

include_graphics(
  path="W:/Jingqin/CynthiaMa/Palbo_alternativeDosing/cfDNA_SNV_CNV/Analysis09282021/KMcurve_maxstat_TMBscore_orig
inalScale.jpeg",
  dpi = 300,
  error = getOption("knitr.graphics.error", TRUE)
)

BL TMB 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.

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

## summary of BL TMB by Setting

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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Supplementary Figure 3. High correlation between bTMB determined from WES and a 152-

gene targeted sequencing panel. bTMB levels generated from 50 baseline samples using the 
PredicineWESTM and PredicineCARETM sequencing assays were highly correlated (R = 0.93, 
Spearman’s Rank Test). 
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Supplementary Figure 4. High baseline cfDNA yield is associated with shorter PFS. A) High 
cfDNA yield in plasma samples collected from 51 patients at baseline was significantly associated 
with shorter PFS compared to patients with lower cfDNA yield, as defined by median (P = 0.021) 
and upper quartile (P =0.006) cutoffs  (log rank test). B) High cfDNA yield in plasma samples 
collected from 22 patients with endocrine resistance was significantly associated with shorter 
PFS, as defined by median (P = 0.017) and upper (P = 0.01) quartile cutoffs (log rank test). 
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Supplementary Figure 5. High baseline tumor fraction is associated with shorter PFS. PFS was 
analyzed in association with ctDNA fraction and tumor fraction (TF)  levels determined for 51 
baseline samples. A 10% cutoff level was used to dichotomize patients for Kaplan-Meier survival 
analysis. A) High ctDNA fraction based on mutational analysis was not significantly associated 
with shorter PFS. B) Patients with high ichorCNA-inferred tumor fraction had significantly shorter 
PFS compared to patients with low TF (P = 0.024, log rank test).   

A B
ichorCNA Tumor Fraction – 10% CutoffctDNA Fraction – 10% Cutoff
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Supplementary Figure 6.  bTMB scores are not associated with sites of metastatic spread.  
bTMB scores across 50 patients at baseline are not significantly different across patients with vs. 
without bone and/or visceral disease (Kruskal-Wallis test).  
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Supplementary Figure 7.  Specific oncogenic signaling pathways are more frequently altered in 

patients with high bTMB and bCNB scores. A) Significantly higher frequencies of alterations were 
observed in high (N = 13) vs. low (N = 37) bTMB patients across breast cancer driver genes in the  
Cell Cycle, DNA Damage Repair (DDR), Hippo, Notch, PIK3 and Receptor Tyrosine Kinase (RTK-
RAS) , Hippo  and PI3K oncogenic signaling pathways (Fisher’s Exact Test). Following adjustment 
for FDR, associations remained significant for the Notch (P = 0.03), PI3K (P = 2.6 x 10-04) and 
Receptor Tyrosine Kinase (RTK)-RAS (P = 0.03) pathways.  B) Significantly higher frequencies of 
alterations were also observed in high vs. low bCNB patients across breast cancer driver genes in 
the Cell Cycle, DDR, Hippo, Notch, RTK-RAS and TP53 oncogenic signaling pathways (Fisher’s Exact 
Test). Following adjustment for FDR, associations remained significant for the DDR (P = 0.01), 
RTK-RAS (P = 0.05) and TP53 (P = 0.02) pathways. 
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Supplementary Figure 8. Oncoprint showing landscape of genomic alterations across all 

patients at baseline. Frequencies of alterations across all 51 patients, including SNVs and CNVs  
across all patients are shown on the right. The bars on top of each column represent the total 
number of alterations detected in a given patient.  
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Supplementary Figure 9.  bTMB and bCNB at baseline vs. progression timepoints. No significant 
differences were observed in median bTMB or bCNB levels detected in baseline (N = 50) vs. 
progression samples (N = 28) (Wilcoxon signed rank test). 
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Supplementary Figure 10.  Correlation between baseline bTMB and bCNB scores. bTMB and 
bCNB scores across 50 patients at baseline were correlated (R = 0.68, Spearman’s Rank 
Correlation Coefficient). 
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Supplementary Figure 11.  Comparison of ctDNA dynamics as measured by ctDNA fraction and 

bCNB during treatment and progression. Serial blood samples from 4 patients (Pred200, 
Pred300, Pred500 and Pred700) were analyzed by PredicineATLASTM to derive ctDNA fraction 
values and by PredicineCNBTM to derive bCNB scores at baseline, C1D15, D2D1, staging and 
progression timepoints. Similar dynamics are observed using both NGS metrics. Pearson 
correlations between matched longitudinal profiles of ctDNA fraction and bCNB were 0.86, 0.99, 
0.92, 0.98 (average = 0.94) for patients Pred200, Pred300, Pred500 and Pred700, respectively. 
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Supplementary Figure 12.  Genome-wide plots of copy number changes across treatment time 

points. Copy number changes observed at baseline, C1D15, C2D1, staging visit 9 and progression 
time points  for patient Pred200 (from Supplementary Figure 11), revealing dramatic changes in 
copy number variation status over the course of treatment, even at time points occurring just 2 
and 4 weeks after treatment initiation. 

−2

−1

0

1

2

P018500_WGS Pred200 Baseline ,bCNB= 7.8

Co
py

 N
um

be
r (

lo
g2

 ra
tio

)

HOMD
HETD
NEUT
GAIN
AMP

AKT3

CCND1

AKT2ROS1

BRCA2

RB1

TP53

NF1

ERBB2

BRCA1

BCL2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X

−2

−1

0

1

2

P018510_WGS Pred200 C1D15 ,bCNB= 4.8

Co
py

 N
um

be
r (

lo
g2

 ra
tio

)

HOMD
HETD
NEUT
GAIN
AMP

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X

−2

−1

0

1

2

P018511_WGS Pred200 C2D1 ,bCNB= 4.2

Co
py

 N
um

be
r (

lo
g2

 ra
tio

)

HOMD
HETD
NEUT
GAIN
AMP

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X

−2

−1

0

1

2

P018512_WGS Pred200 Staging9 ,bCNB= 8.2

Co
py

 N
um

be
r (

lo
g2

 ra
tio

)

HOMD
HETD
NEUT
GAIN
AMP

AKT3

BAP1

CCND1

AKT2

ARROS1

BRCA2

RB1

NF1

ERBB2

BRCA1

BCL2
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X

−2

−1

0

1

2

P018504_WGS Pred200 Progression ,bCNB= 10.7

Co
py

 N
um

be
r (

lo
g2

 ra
tio

)

HOMD
HETD
NEUT
GAIN
AMP

NRAS

AKT3

BAP1

CCND1

AKT1

CCNE1

AKT2

AURKA

ARROS1

BRCA2

RB1

TP53

NF1

ERBB2

BRCA1

BCL2

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X

A

B

C

D

E

2 weeks

4 weeks



 15 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

Supplementary Figure 13.  Copy number changes detected for RB1 and BRCA2 genes across 

treatment time points.  Copy number changes detected by LP-WGS  are shown at baseline and 
across treatment time points (b C1D15, C2D1, staging visit 9 and progression) for patient Pred200 
(from Supplementary Figure 11). While significant copy number variation for RB1 and BRCA2 is 
not detected at time points C1D15 and C2D1 (in keeping with low bCNB scores), copy number 
variation is detected at both genes at the other time points (when bCNB is high), particularly at 
the time of progression. 
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Supplementary Figure 14. Relationship between ctDNA fraction and bTMB and bCNB. Scatter 
plots of bTMB vs. ctDNA fraction (left) and bCNB vs. ctDNA fraction (right) based on 51 baseline 
samples. While no correlation is observed between ctDNA fraction and bTMB scores, a strong 
correlation is observed between ctDNA fraction and bCNB scores (R = 0.84, Pearson’s correlation 
coefficient).  
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Supplementary Figure 15. Relationship between tumor fraction and bCNB. Scatter plots of 
bCNB scores in association with ichorCNA-derived TF levels in 216 samples collected over 
multiple treatment time points. bCNB scores were strongly associated with TF levels (R = 0.76, 
Pearson’s correlation coefficient) with the association being strongest at higher TF levels. This 
plot illustrates the high sensitivity of bCNB to detect tumor-associated copy number variation in 
plasma samples with low (<5%) tumor fraction. The color scale emphasizes the density of data 
points in a given region of the plot. 

0.0 0.1 0.2 0.3 0.4

4
6

8
10

tumor fraction inferred from ichorCNA

co
py

 n
um

be
r b

ur
de

n 
sc

or
e

R= 0.76

scale

1:
6

low

high


