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Abstract
Liquid biopsy (LB) is an essential tool for obtaining tumor-derived materials with 
minimum invasion. Bile has been shown to contain much higher free nucleic acid 
levels than blood plasma and can be collected through endoscopic procedures. 
Therefore, bile possesses high potential as a source of tumor derived cell-free DNA 
(cfDNA) for bile duct cancers. In this study, we show that a multigene panel for 
plasma LB can also be applied to bile cfDNA for comparing driver gene mutation de-
tection in other sources (plasma and tumor tissues of the corresponding patients). 
We collected cfDNA samples from the bile of 24 biliary tract cancer cases. These 
included 17 cholangiocarcinomas, three ampullary carcinoma, two pancreatic can-
cers, one intraductal papillary mucinous carcinoma, and one insulinoma. Seventeen 
plasma samples were obtained from the corresponding patients before surgical re-
section and subjected to the LiquidPlex multigene panel LB system. We applied a 
machine learning approach to classify possible tumor-derived variants among the 
prefiltered variant calls by a LiquidPlex analytical package with high fidelity. Among 
the 17 cholangiocarcinomas, we could detect cancer driver mutations in the bile of 
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1  |  INTRODUC TION

Multigene panel LB testing with cfDNA in patient plasma samples has 
become a routine method in Japanese clinics to identify molecular 
biomarkers of advanced cancer.1 This approach is very useful when 
there are no surgical or biopsy specimens and lack of any indication of 
biopsy. It also has other potential uses in cancer treatment, including 
the early detection of recurrence and identification of novel molecu-
lar changes that may cause drug resistance. For detecting recurrence, 
ddPCR analyses or custom-made NGS experiments can be carried out 
after obtaining the comprehensive somatic mutation profile of a can-
cer sample. This can be achieved using a set of patient-specific probes 
designed using the somatic mutation information. It is a well-known 
fact that the recurrence of cancer is associated with the acquisition of 
new driver mutations in the cancer cells,2,3 hence the multigene panel 
LB is required to detect new driver mutations.

Biliary tract cancers are malignant neoplasms and associated with 
a poor prognosis, as they are difficult to diagnose at an early stage.4 
Because of this, cfDNA in bile is an attractive molecular target for 
diagnosing BTC. It has been reported that the cfDNA in bile consists 
of much longer DNA fragments and is found at higher concentra-
tions compared to that in plasma.5–7 Endoscopic sampling would be 
necessary for LB using bile cfDNA, which likely would not be easier 
than drawing blood. However, bile drainage is an essential part of 
the initial treatment procedures for BTCs with obstructive jaundice, 
suggesting that bile sampling would be easy in such cases.8,9

Few reports are available for multigene panel LB for cfDNA in 
bile (see reviews by Liu et al.9 and Arrichiello et al.8). In this study, we 
used a commercially available multigene panel for plasma LB with 
unique molecular identifiers for detecting cancer driver mutations 
in bile and plasma cfDNA samples, comparing their mutation detec-
tion efficiencies in BTCs. Machine learning for variant calls showed 
the potential of this approach for detecting pathogenic variants with 
multigene panel LB.

2  |  MATERIAL S AND METHODS

2.1  |  Samples

From 202X-202X+2, 24 patients with tumors in the pancreatic head 
lesion invading the bile duct and requiring endoscopic intervention 

for biliary drainage were enrolled in the study at Tohoku University 
hospital. After biliary drainage and bile duct stenting, all patients 
subsequently underwent surgical resections. As shown in Table 1, 
the tumors were then pathologically diagnosed as CC (17 cases), AC 
(three cases), PC (two cases), intraductal papillary mucinous carci-
noma (one case), and insulinoma (one case). Among these, exome 
analyses of tumor tissue samples of 12 cases have been described 
elsewhere (Ando and Ito et  al., unpublished). In addition, we pre-
pared three plasma samples from noncancerous patients to serve as 
controls for the LiquidPlex analyses (IDT, Coralville, IA, USA), specifi-
cally to help determine background noise levels.

2.2  |  Bile and plasma cfDNA sample collection

Endoscopic nasobiliary drainage tubes were placed endoscopi-
cally for biliary drainage or biopsy of cancerous lesions in the bile 
duct. We collected 5 mL bile from the endoscopic nasobiliary drain-
age tubes. Initially, the bile samples were centrifuged at 1600 g for 
15 min at room temperature, then the supernatants were carefully 
placed into tubes and stored at −80°C. In 17 of the patients, we 
collected 5 mL plasma in cfDNA collection tubes (PAXgene Blood 
ccfDNA Tubes; Qiagen) and stored them at −80°C for later analysis. 
Cell-free DNA was extracted using a QIAamp Circulating Nucleic 
Acid Kit (Qiagen) according to the manufacturer's instructions. The 
amounts of cfDNA are summarized in Table S1.

2.3  |  Cell-free DNA library preparation and NGS 
analysis

Cell-free DNA extracted from patient bile or plasma samples was 
subjected to LiquidPlex library construction according to the manu-
facturer's instructions. For this process, 8.2–91.2 ng plasma cfDNA 
and 79.7–300 ng bile cfDNA were subjected to end-repair, ligation, 
and addition of molecular barcodes.2 The cfDNA libraries were 
then amplified using two separate PCR steps, with the index se-
quences incorporated into the DNA fragments in the second PCR. 
The NGS libraries were quantified using the KAPA Universal Library 
Quantification Kit (KK4824; Roche) according to the manufac-
turer's instructions. MiSeq was also used for library quantification 
on the Illumina platform sequencers.10 Sequencing data acquisition 

10 cases using the LiquidPlex system. Of the biliary tract cancer cases examined 
with this method, 13 (54%) and 4 (17%) resulted in positive cancer driver mutation 
detection in the bile and plasma cfDNAs, respectively. These results suggest that 
bile is a more reliable source for LB than plasma for multigene panel analyses of 
biliary tract cancers.

K E Y W O R D S
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for mutation analysis was outsourced to Rhelixa, Inc., for which 
NovaSeq 6000 was used. The 150 bp paired-end protocol was used 
to obtain the cfDNA sequence data.

2.4  |  Bile cfDNA ddPCR analysis

The ddPCR Mutation Assay (Bio-Rad) was used to detect the vari-
ants called by LiquidPlex. We selected commercially available 
probes for the somatic mutations identified in the cfDNA samples 
using ddPCR. Ten probes were selected to verify the mutations 
detected by LiquidPlex analysis of the bile and plasma cfDNAs. 
One probe was obtained from Thermo Fisher Scientific: KRAS 
p.G12V (catalog #A44177, assay ID: Hs000000050_rm). The fol-
lowing probes were obtained from Bio-Rad: NRAS Q61R (dH-
saMDS882187944), TP53 R175H (dHsaMDV2010105), TP53 N247I 
(dHsaMDS684163296), KRAS G12A (dHsaMDV2510586), KRAS 
A59T (dHsaMDS653784166), NRAS G13R (dHsaMDS295930262), 
PIK3CA H1047L (dHsaMDS291608817), SMAD4 R361C (dH-
saMDS2515076), and BRAF D594G (dHsaMDS280672815) (catalog 

#10049047 or 10049550). The ddPCR experiments were carried 
out using the QX200 AutoDG Droplet Digital PCR IVD system (Bio-
Rad). For each ddPCR, 9.9 μL eluted cfDNA solution (average DNA 
content = 55.9 ng) was used in quadruplicate for each sample. Bile 
genomic DNA was extracted as previously described.11,12 The total 
reaction volume was 22 μL (20,000 drops were generated). The PCR 
conditions were as follows: initial denaturation at 95°C for 10 min; 
40 cycles of 94°C for 30 s and 55°C or 60°C for 1 min; and final de-
naturation at 98°C for 10 min for enzyme deactivation. The probe 
fluorophore was FAM/HEX or VIC, and the WT and mutant copy 
numbers were measured. All ddPCRs were undertaken at least 
twice. Allele frequencies were calculated using Quanta Software 
(Bio-Rad) according to the manufacturer's instructions.

2.5  |  Bioinformatics of LiquidPlex sequencing: 
Machine learning process for variant filtering

Sequence read mapping and variant calls were carried out using 
the Archer Analysis platform (Integrated DNA Technologies, Inc.), a 

TA B L E  1  Summary of cases in this study.

Patient ID Exome Bile LP Plasma LP Classification Diagnosis
Age 
(years) Gender T N M Stage

#1 YES BIL3 PL5 CC Perihilar cholangiocarcinoma 56 Female 2b 1 0 IIIC

#2 YES BIL15 PL15 CC Perihilar cholangiocarcinoma 67 Male 2a 2 0 IVA

#3 YES BIL23 NA CC Perihilar cholangiocarcinoma 67 Male 2b 1 0 IIIC

#4 YES BIL4 PL4 CC Distal cholangiocarcinoma 82 Male 2 0 0 IIA

#5 YES BIL5 PL3 CC Distal cholangiocarcinoma 78 Male 2 0 0 IIA

#6 YES BIL6 NA CC Distal cholangiocarcinoma 73 Female 1 0 0 I

#7 YES BIL7 PL7 CC Distal cholangiocarcinoma 90 Male 1 0 0 I

#8 YES BIL20 PL20 CC Gallbladder carcinoma 78 Male 1b 0 0 IB

#9 YES BIL10 PL10 AC Ampullary carcinoma 80 Male 3b 2 0 IIIB

#10 YES BIL17 PL17 AC Ampullary carcinoma 79 Female 3b 2 0 IIIB

#11 YES BIL21 NA AC Ampullary carcinoma 84 Male 1b 0 0 IB

#12 YES BIL14 PL14 PC Pancreatic cancer 47 Male 3 1 0 IIB

#14 YES BIL24 NA Other Inslinoma 74 Male 2 0 0 IIA

B101 NA BIL1 NA PC Pancreatic cancer 84 Male 2 0 0 IB

B109 NA BIL2 PL2 CC Perihilar cholangiocarcinoma 59 Female 1b 0 0 IB

B110 NA BIL9 PL9 CC Intrahepatic cholangiocarcinoma 71 Female 4b 2 1 IVB

B102 NA BIL11 PL11 CC Perihilar cholangiocarcinoma 60 Male 4 0 1 IVB

B103 NA BIL12 PL12 CC Gallbladder carcinoma 71 Male 2a 0 1 IVB

B104 NA BIL13 PL13 CC Perihilar cholangiocarcinoma 70 Male 1b 0 0 IB

B105 NA BIL16 PL16 CC Perihilar cholangiocarcinoma 55 Male 2a 0 0 II

B106 NA BIL18 PL18 CC Perihilar cholangiocarcinoma 67 Male 4 0 1 IVB

B107 NA BIL19 NA CC Gallbladder carcinoma 82 Female 4 1 0 IVA

B108 NA BIL22 NA CC Perihilar cholangiocarcinoma 77 Female 4 0 0 IIIB

B111 NA NA PL8 SPN Intraductal papillary mucinous 
carcinoma

39 Female 3 1 0 IIB

Abbreviations: AC, ampullary carcinoma; BIL, bile samples; CC, cholangiocarcinoma or gallbladder cancer; LP, LiquidPlex; NA, not analyzed; PC, 
pancreatic cancer; PL, plasma; SPN, intraductal papillary mucinous carcinoma.
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web-based bioinformatics service for LiquidPlex and other sequenc-
ing kits, with default options.2 The GRCh37 coordinates served as 
the reference genome for mapping. The Archer Analysis platform 
gave us intermediate VCF files, which represent the stepwise filtra-
tion of the unreliable variants. Among them, we selected a set of 
VCF files, sample_name.combined.filtered.vcfs, for training and test 
data of the machine learning process. For the training data, we chose 
22 bile or plasma samples that had corresponding cancer exome 
data (Table 1).

We applied Random Forest13 for filtering the variants called by 
the Archer Analysis platform, as it was previously successfully ap-
plied to classify de novo variants of 250 trio (a pair of parents and 
their children) whole genomic sequencing of a Dutch population.14 
Further details of Random Forest are described in Data  S1. Using 
ANNOVAR,15 we added annotations for the called variants of a 
custom-made 54 KJPN variant dataset16–18 and COSMIC 92,19 and 
ClinVar as parameters for machine learning. The 54 KJPN dataset 
(PMID: 37930845) was downloaded from jMORP (https://​jmorp.​
megab​ank.​tohoku.​ac.​jp/​downl​oads: accessed 4 December 2023), 
then the bcftools norm-m-option was used to separate multiple al-
lelic sites.20,21 Five variants that were confirmed positive by ddPCR 
were removed from the test data and added to the training data 
(Figures 1A and S1). After classifying, we annotated the “somatic” 
variants with ANNOVAR using the AlphaMissense dataset.22

2.6  |  Statistical analysis

Pearson's correlation analysis was used for the cfDNA concentra-
tion and LiquidPlex library read count data. Fisher's exact test was 
used for driver mutation positivity comparisons among the cancer 
histology samples. The boxplots used for classifying and the allele 
frequencies were generated with the ggplot2 package in R.

3  |  RESULTS

3.1  |  Multiplex LB libraries similarly constructed 
with bile and plasma cfDNAs

As previously described, the bile cfDNA levels were 68.2-fold 
higher than those of plasma cfDNA in this study (Table  S1). We 
then constructed the LiquidPlex libraries for the bile or plasma 
cfDNA following the manufacturer's protocols after quantifying 
the cfDNA using fluorescence (see Materials and Methods) and 
pooling them with equal volumes in one tube. Using the MiSeq 
sequencer, we quantified the relative number of DNA fragment 
copies of each library (see Materials and Methods), but did not 
observe any significant correlation between the cfDNA concen-
tration and read percentage in a MiSeq run of the pool of libraries 

F I G U R E  1  Machine learning process to classify the variant calls by multigene panel liquid biopsy (LB). (A) Numbers of variants at each 
step are indicated near the box. The result of the classification is indicated in the table at the bottom right. (B) Plot of “somatic” variant 
numbers in Random Forest modeling by changing the “negative and polymorphic” variant numbers for the training data. Vertical and 
horizontal axes indicate the numbers of variants classified as “somatic” in the test data and numbers of “negative and polymorphic” variants 
in the training data, respectively. Arrow indicates the number of “negative and polymorphic” variants that we picked up for modeling. (C) Plot 
of mean decrease in Gini coefficient in this study. The horizontal axis indicates the mean decrease in Gini score and SDs of the scores among 
the 15 models. The vertical axis indicates the parameters used in the modeling. The parameters were collected by R script.

https://jmorp.megabank.tohoku.ac.jp/downloads
https://jmorp.megabank.tohoku.ac.jp/downloads
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(r = −0.119, Table S1). Among the 16 pairs of bile and plasma sam-
ples, no correlation was found between bile and plasma for the 
number of reads in a library (r = −0.202, Table  S1). The number 
of library reads moderately correlated with the plasma cfDNA 
concentration (r = 0.596), but not with the bile cfDNA concentra-
tion (r = −0.040). Neither bile nor plasma cfDNA concentration 
showed a correlation to the patients' clinical stages (p = 0.286 and 
−0.0688, respectively; Tables 1 and S1). Considering the experi-
mental principles, it is possible that the plasma cfDNA concen-
trations were overestimated, especially when the concentration 
was near the lower limit of measurement (0.2 ng/μL). These results 
suggested that multigene LB libraries were similarly constructed 
with both bile and plasma cfDNAs, although the plasma cfDNA 
concentration was much lower than that of bile cfDNA.

3.2  |  Machine learning can classify LiquidPlex 
variant calls by their biological nature

After the LiquidPlex variant call was performed using the Archer 
Analysis platform, the filtering method of the platform was deter-
mined to be too strong. Some of the variants detected by tumor tis-
sue exome analysis of the same patient tumors were missed in the 
Archer Analysis variant calls, but were detected by ddPCR analysis 
(Figure S1). Therefore, we applied a machine learning process to fil-
ter the variant calls with the Archer Analysis platform. The Random 
Forest algorithm was used for classifying the LiquidPlex data output. 
We used the intermediate VCF files (see Materials and Methods), 
which have 90 parameters described in the header. A summary of 
the parameters used to build the models and transform the ClinVar 
significance data into numerical values are summarized in Data S1.

The machine learning workflow is shown in Figure 1A. Our data-
set consisted of small numbers of “somatic” variants (33; Table S2), 
prompting us to require appropriate numbers of “negative and poly-
morphic” variants for the training dataset. Not doing this would likely 
result in overfitting to the negative and polymorphic variants, espe-
cially if all 11,000 negative variants were used for training. Figure 1B 
shows the numbers of variants classified as “somatic” in the test 
dataset by the Random Forest models generated by various numbers 
of “negative and polymorphic” variants with 33 “somatic” variants in 
the training dataset. Considering the balance between overfitting 
to “negative” variants and reduction of noises, 1000 “negative and 
polymorphic” variants was deemed appropriate (Figure 1B), so these 
were selected for developing the training datasets.

The average importance of the parameters among the 15 ran-
domly generated models is shown in Figure 1C. Two parameters re-
lated to the variant allele frequencies (UAO and UAF, see Data S1) 
showed higher importance than the other parameters (Figure 1C). 
The two strand bias-related parameters (PAF and PAR, see Data S1) 
and 54KJPN were the third to fifth most important parameters in 
the model, respectively, indicating that the model mainly used pa-
rameters related to the variant call qualities (Figure  1C). For pub-
lic database annotations, 54KJPN showed the highest impact for 

classifying in this model. To estimate the precision and recall of our 
method, we performed predictions of the training data in the same 
manner and compared the voting results with those of the original 
classification. The precision and recalls of “somatic” data with indi-
vidual models were 0.77 and 1.0, respectively. The voting result of 
the 15 models improved the precision of “somatic” as 0.825, with 
seven somatic variants mistaken as “polymorphism” or “negative.” 
Among them, five variants were called “polymorphic.” Remarkably, 
the recall of “somatic” classification was 100% and this may reflect 
that all models used the same positive training dataset. The calling 
of “negative” showed relatively high precision and recalls, either in-
dividual or voting (0.999–1.00). Considering the number of actual 
negative variation in the training data (more than 11,000), there 
would still be a high number of errors (14 variants). Notably, most 
of the false negatives were “polymorphism” (12 of 14 misclassified 
from negative) and no authentic somatic variants were missed by 
our model. These results suggested that our method is very reliable 
for detecting somatic pathogenic variants in cfDNA samples from 
bile and plasma.

Among the 8316 variants tested, 21 “somatic” variants (0.25%) 
were detected. In addition, we detected 380 “polymorphic” vari-
ants (4.57%) in the tested variants from 18 samples of both bile and 
plasma cfDNAs (Figure 1A). The comparison of the original Archer 
Analysis variant call and our Random Forest classification method is 
summarized in Table S3. The machine learning process improved the 
plasma cfDNA variant calls significantly: two-fold for the number of 
driver mutations and three-fold for the mutations matched to the 
bile cfDNA variants from the same patients. In addition, the variant 
call quality was improved. The KRAS A59T is a potential variant call 
artifact because both positives and negatives by Archer Analyses 
were negative in ddPCR (Figure  S2). The variant was eliminated 
from the variant call (Table  S3). Interestingly, we identified a pair 
of mutations in the TP53 gene for one set of bile and plasma cfD-
NAs: p.W146R and p.W146 × fs23 (Figure S3). The Archer Analysis 
only called the former mutation in the plasma cfDNA, missing the 
latter base deletion mutation in both the bile and plasma cfDNAs 
(Table S4).

To evaluate the validity of the model, we compared the labeling 
of variants and their functional properties (Figure 2). As expected, 
“somatic” variants were enriched among the pathogenic variants in 
ClinVar (3.98-fold) and COSMIC entry with more than 10 total cases 
(3.16-fold) compared with all variants (Figure  2A), suggesting that 
the “somatic” variants mainly originated from cancer tissues. On 
the contrary, “polymorphism” variants showed no ClinVar patho-
genic variants (Figure 2A). The MAFs in the general population are 
critical for estimating the biological nature of the corresponding 
variants.22,23 Pathogenic variants usually show lower MAFs in a 
population, while the presence or absence of polymorphic variants 
depend on both the MAFs and number of samples. Figure 2A shows 
the 54KJPN MAF of the three categories classified by the Random 
Forest model. The polymorphic variants with the higher (>0.4) 
MAF were enriched 17.2-fold compared to all variants in 54KJPN 
(Figure  2A). Considering the size of the population (11 cases, 22 
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chromosomes/variants), the distribution of MAFs looked reasonable 
because the probabilities of rare variants (MAF <0.5%) were not 
high. In terms of “somatic” variants, no such high MAF variants were 
detected in 54KJPN.

The VAF is the most important parameter for classification 
(Figure 1C). Figure 2B shows the VAF distribution for three catego-
ries. As expected, most of the “polymorphic” variant VAFs were more 
than 0.4, suggesting that they were of germline origin. However, 
most of the “somatic” variants were less than 0.3, indicating that 
these did not originate from the germline. For “negative” variants, 
the average VAF was nearly 0.001, suggesting that PCR artifacts 
during data acquisition could be the major cause of the variant calls.

3.3  |  Bile LB can detect cancer driver mutations 
more frequently than plasma LB for BTCs

Figure 3 is an oncoprint for the LB results in this study. We identi-
fied 23 different mutations in seven cancer-related genes (Figure 3, 
Table  S4). The most frequently mutated oncogene was the KRAS 
gene (five cases, including one PC). A paralog of KRAS, the NRAS 
gene, was also mutated in two cases, with 7 out of 24 cases (29.2%) 
showing at least one driver mutation of the two RAS family genes 
(Table  S4). In addition, two CC cases and one AC case showed 
possible driver mutations in the BRAF gene, indicating that the 

RAS-RAF-MAP kinase axis plays a critical role in CCs. Ten out of 24 
cases had at least one pathogenic mutation in ERBB2, KRAS, NRAS, 
and BRAF, with these mutations being mutually exclusive (Figure 3). 
For tumor suppressor genes, nine cases (37.5%) showed a mutation 
in the TP53 gene. In addition, we observed pathogenic mutations in 
the SMAD4 gene in two cases (Figure 3).

The LiquidPlex LB panel covers only 28 genes and has not been 
optimized for BTCs. An important function of the multigene panel 
LB would be detecting circulating and/or cell-free tumor DNA mol-
ecules without prior knowledge of the patient's cancer mutations. 
Table 2 shows that bile LB with the LiquidPlex indicated that 10 out of 
17 CC cases were positive for at least one driver mutation, although 
there was no statistical difference among the CC and other cancer-
ous lesions in the BTCs (p = 0.659, Fisher's exact test). We also com-
pared the cfDNA detection efficiencies between bile and plasma. 
Table 2 clearly indicates that bile cfDNA was much more sensitive 
than plasma cfDNA for detecting BTC driver mutations. Among the 
24 cases, 13 (54%) and 4 (17%) cases were positive for driver muta-
tions in LiquidPlex of bile and plasma cfDNAs, respectively.

The low sensitivity of plasma LB for BTCs prompted us to test 
clear positive controls for LB: germline polymorphisms. Table 3 sum-
marizes the plasma LB variant call results for three high-frequent 
germline variants among the Japanese population. We could confirm 
that the presence or absence of the alleles perfectly matched be-
tween bile and plasma cfDNAs.

F I G U R E  2  Annotation patterns of the variants classified by machine learning. (A) Ratio of variants of three functional annotations for 
three categories. Vertical axis shows the three categories classified by the Random Forest method (from top to bottom: “Polymorphism,” 
“Somatic,” and “Negative”). Horizontal axis indicates the relative ratio of the variants in the categories, the ratio of matched variants divided 
by that of all tested variants. Gray, orange, and blue bars indicate the ratios for COSMIC >10 cases, 54KJPN >0.33, and ClinVar Pathogenic 
(ClinVar P) and likely_pathogenic (LP), respectively. (B) Categorical box-whisker plots of log of variant allele frequency (VAF) for “negative,” 
“positive,” and “polymorphism.” X-axis indicates the three categories. Y-axis indicates the log of VAF. Upper and lower ends of the boxes 
indicate 75% and 25% of each category, respectively. Horizontal black lines in the boxes indicate the averages, while the whiskers indicate 
the 1.5-fold length of the box vertical plane size of each category. Outliers are shown as dots.
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3.4  |  Machine learning variant classification in bile 
LB can be confirmed by ddPCR analysis

We next examined whether the variant calls of the multigene LB 
classified by the machine learning process could be confirmed using 
ddPCR analysis. Figure  4A shows a representative ddPCR result, 
specifically SMAD4 R361C for BIL12. We could confirm the pres-
ence of these variants in the bile cfDNAs (Figure 4A). The observed 
variant fraction in the ddPCR data for bile was lower than that of the 
final VCF file generated by the Archer Analysis platform (Figure 4B). 
Interestingly, the plasma cfDNA of the corresponding patient (PL12) 
showed higher fractions of mutated reads (Figure 4C).

4  |  DISCUSSION

In the present study, we found that a multigene panel LB could be 
applied to bile cfDNAs in BTC cases. A machine learning method 
for classifying the variants from the LiquidPlex variant calls resulted 
in 28 possible somatic mutations among more than 8000 variants 

detected by the LB analysis. The classification (“somatic” for somatic 
variants, “negative” for artifacts or uncertain, and “polymorphism” 
for germline variants) showed expected patterns of annotations with 
ClinVar, COSMIC, and 54KJPN. Although the panel only consists of 
28 genes and was designed for plasma cfDNAs, it could detect can-
cer driver mutations in nearly two-thirds of the CC cases examined.

Here, we applied a machine learning method to classify the pre-
filtered variant calls by the Archer Analysis platform with the de-
fault option. We used verified variants with three different types of 
methods: exome analysis of the tumor tissue genomic DNA, ddPCR 
analysis of bile and plasma cfDNAs, and clinical testing of the tumor 
tissue DNA. Most of the “somatic” variants observed in the train-
ing data originated from tumor tissue DNA. Recently, the presence 
of cancer driver variants in tumor and plasma cfDNAs were shown 
to be highly concordant (see review by Jahangiri and Hurst24). Our 
results also showed good concordance between the variant classifi-
cation and clinical annotations (Figure 2), although it is necessary to 
further verify the classification more extensively.

Using larger panels would potentially improve the observed 
driver mutation positivity. Even in plasma cfDNA, Mody et  al. 

F I G U R E  3  Oncoprint of the bile and plasma multigene liquid biopsies (LBs) for biliary tract cancer. Vertical axis indicates the genes 
in which a driver mutation was detected in this study. Horizontal axis indicates the patients. Results of both the plasma and bile LBs are 
indicated. Patient identification numbers and tumor types are shown on the top of the oncoprint. Black, blue, and red rectangles indicate 
the driver mutations as nonsynonymous in tumor suppressor genes, loss of function in tumor suppressor genes, and nonsynonymous in 
oncogenes, respectively. AC, ampullary carcinoma; CC, cholangiocarcinoma or gallbladder cancer; PC, pancreatic cancer.

Cancer type No. of cases

Driver-positive cases

Bile % Plasma %

Cholangiocarcinoma 17 10 58.8 3 17.6

Ampullary carcinoma 3 2 66.7 1 33.3

Intraductal papillary mucinous 
carcinoma

1 0 0.0 0 0.0

Insulinoma 1 0 0.0 0 0.0

Pancreatic cancer 2 1 50.00 0 0.0

Total 24 13 54.2 4 16.7

TA B L E  2  Detection of cancer driver 
mutations in bile or plasma liquid biopsies 
with multigene panel for biliary tract 
cancers.
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showed that cancer driver mutations were positively detected 
in 76% of BTC cases using the Guardant 360 plasma multigene 
LB panel, which consists of more than 70 cancer-related genes.25 
Several reports have described bile LBs with multigene panels. For 
example, Shen et al. reported that 8 out of 10 CC cases showed 
at least one driver mutation in their custom multigene panel with 
unique molecular identifiers.5 Similarly, He et  al. undertook a 
comprehensive study for bile LB with a custom multigene panel 
using 23 gene mutations and 44 DNA methylation loci, with the 
results showing 92% sensitivity and 98% specificity.26 Miura et al. 

described that 46.5% of BTC cases examined showed positive 
cancer driver mutation detection using their custom 60 multigene 
bile LB approach.27 The observed mutation frequencies of KRAS 
and TP53 in the present study were 20.8% and 37.5%, respec-
tively (Figure 3), which were consistent with data from previous 
studies.6,27–30 Our results suggested that the multigene LB can be 
readily applied. Additionally, bile cfDNA was a significantly better 
source for detecting cancer driver mutations in BTCs than plasma 
cfDNA. However, plasma cfDNA did show higher signal for muta-
tions than bile cfDNA in one case (Figure 4B,C). Further studies 
are needed to establish the clinical significance of the bile LB for 
BTC treatment development.

In addition to the small numbers of the target genes, there are 
several limitations in the present study, especially the relatively 
small number of samples. Actually, we failed to identify pathogenic 
variants that frequently are observed in the BTCs, such as IDH1 
p.R132C. It would be possible that the machine learning method we 
applied is sensitive to the “observed” correct variants in the training 
data and might not be sensitive enough for the variants that were 
not in the training data. It is essential to use larger and more hetero-
geneous training data for the LiquidPlex multigene panel for clinical 
use.

The concordance among variant calls between bile and plasma 
cfDNA LiquidPlex data for our 16 cases (Tables 1 and S4) was not 

TA B L E  3  Genotypes at polymorphic sites in the LiquidPlex 
target regions.

Variation
TP53:p.
P72R

PDGFRA:p.
V824V

HRAS:p.
H27H

ClinVar significance drug_
response

Benign Benign

54KJPN 0.650 0.142 0.170

Bile heterozygous 6 5 1

Bile Alt homozygous 8 1 0

Plasma heterozygous 6 5 1

Plasma Alt homozygous 8 1 0

Cases analyzed 15 15 15

F I G U R E  4  Droplet digital PCR (ddPCR) analysis of bile cell-free DNA (cfDNA) samples. (A) ddPCR scatter plot for SMAD4 R361C cfDNAs 
in BIL12. Vertical axes indicate the VIC signals (mutant), while the horizontal axes indicate the FAM/HEX signals (WT). Magenta lines in the 
planes indicate the positive signal thresholds. Dots indicate the FAM/HEX and VIC signals of pixels with the colors of the genotype decisions 
(blue, mutated; green, WT; orange, heterozygous; black, no signal). (B) Corresponding Integrative Genomics Viewer (IGV) images of the 
BIL12 cfDNA LiquidPlex data. (C) Corresponding IGV images of the PL12 cfDNA LiquidPlex data.
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high (30%, Table S4) compared with previous reports, such as those 
by Gou et al. and Driescher et al.31,32 Considering the observed con-
cordance between the bile LB and exome analysis data, the main 
cause of the discrepancies between the bile and plasma LB variant 
calls is possibly the lower amount of plasma cfDNA in our samples 
for variants positive only in bile. For plasma-specific variants in LB, 
Driescher et al. suggested the possibility of clonal hematopoiesis.32 
Further studies are needed to confirm to what extent clonal hema-
topoiesis influences our bile LB results.
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