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Abstract
Background: Probe electrospray ionization-mass spectrometry (PESI-MS) can rapidly visualize mass spectra of small,
surgically obtained tissue samples, and is a promising novel diagnostic tool when combined with machine learning
which discriminates malignant spectrum patterns from others. The present study was performed to evaluate the
utility of this device for rapid diagnosis of colorectal liver metastasis (CRLM).
Methods: A prospectively planned study using retrospectively obtained tissues was performed. In total, 103 CRLM
samples and 80 non-cancer liver tissues cut from surgically extracted specimens were analyzed using PESI-MS. Mass
spectra obtained by PESI-MS were classified into cancer or non-cancer groups by using logistic regression, a kind of
machine learning. Next, to identify the exact molecules responsible for the difference between CRLM and noncancerous tissues, we performed liquid chromatography-electrospray ionization-MS (LC-ESI-MS), which visualizes
sample molecular composition in more detail.
Results: This diagnostic system distinguished CRLM from non-cancer liver parenchyma with an accuracy rate of
99.5%. The area under the receiver operating characteristic curve reached 0.9999. LC-ESI-MS analysis showed higher
ion intensities of phosphatidylcholine and phosphatidylethanolamine in CRLM than in non-cancer liver parenchyma
(P < 0.01, respectively). The proportion of phospholipids categorized as monounsaturated fatty acids was higher in
CRLM (37.2%) than in non-cancer liver parenchyma (10.7%; P < 0.01).
Conclusion: The combination of PESI-MS and machine learning distinguished CRLM from non-cancer tissue with
high accuracy. Phospholipids categorized as monounsaturated fatty acids contributed to the difference between
CRLM and normal parenchyma and might also be a useful diagnostic biomarker and therapeutic target for CRLM.
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Background
Colorectal cancer is the third most common cancer
worldwide and is ranked as the second most frequent
cause of cancer-associated mortality in industrialized
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countries. Colorectal liver metastasis (CRLM) is the
major cause of mortality in patients with colorectal cancer, affecting approximately 50% of patients [1, 2]. The
mainstay of treatment for CRLM is complete surgical resection of all metastatic lesions [3–5]. Recent advancements in radiologic imaging techniques, especially
intraoperative ultrasonography, have enabled us to identify additional new hepatic nodules in 14 to 24% of patients [6–8]. However, it is sometimes difficult to
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correctly diagnose whether such new hepatic nodules
are CRLM tumors. In such cases, intraoperative biopsy
is one option for diagnosis of hepatic nodules. However,
the diagnostic quality of frozen sections is sometimes inferior to that of paraffin-embedded sections [9]. Thus,
rapid and accurate diagnostic techniques taking place of
frozen section are needed.
We recently developed a new diagnostic system that
combines probe electrospray ionization-mass spectrometry (PESI-MS) and machine learning [10]. PESI is the
one of ionization methods that requires only a few milligrams of a sample without any complicated pretreatments. PESI-MS is a mass spectrometry using PESI,
which enables to rapidly obtain results compared to conventional mass spectrometry [11]. The obtained mass
spectra are processed using machine learning algorithms
such as logistic regression or support vector machines to
discriminate cancer from non-cancer tissues [12]. Previous experiments demonstrated high discriminating
power for hepatocellular carcinoma and renal cell carcinoma [10, 11]. PESI-MS and machine learning is a
cutting-edge diagnostic tool that can detect the difference in lipid profiles between various cancerous and
non-cancerous tissues. While PESI-MS can rapidly
visualize mass spectra, it cannot identify individual molecules and their pattern of mass spectra. To identify the
molecules responsible for the difference between cancerous and non-cancerous samples, we used liquid
chromatography-electrospray ionization-MS (LC-ESIMS), which provides a more detailed view of sample molecular compositions.
Our present study aims to validate PESI-MS and machine learning for the rapid diagnosis of CRLM.

Methods
Patients and sample collection

This is a prospectively planned study using retrospectively obtained tissues. Patients who underwent surgical
resection of CRLM at The University of Tokyo Hospital
during February 2014 and October 2017 were potential
candidates for this study. The study comprises two mass
spectrometry experiments using resected specimens.
First, we investigated the diagnostic accuracy of PESIMS and machine learning for CRLM. Next, we used LCESI-MS to examine the key molecules that distinguish
cancer from non-cancer. This study was approved by the
Institutional Ethics Committee of The University of
Tokyo, and written informed consent was obtained from
all participants.
Of all candidates, patients whose maximum tumor
diameter exceeded 5 × 5 × 5 mm were included in the
further analysis. We obtained a block of approximately
5 × 5 × 5 mm from surgically resected CRLM and an
equivalent block of non-cancer liver parenchyma. If
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multiple CRLMs were resected, the largest nodule was
chosen. If the remaining specimen size following this
sample procedure precluded accurate histological analysis, the patients were excluded from this study. Patients
with specimens that showed gross necrosis were also excluded. Analysis of liver parenchyma was waived in patients with impaired liver function––Child–Pugh class B
and indocyanine green retention rate at 15 min
(ICGR15) of > 20.0%––and only the tumor specimen
was analyzed. Obtained specimens were immediately
frozen in liquid nitrogen and stored at − 80 °C until analysis. LC-ESI-MS was applied for patients in whom both
the tumor and the liver parenchyma were analyzed using
PESI-MS.
The assessment of the diagnostic accuracy of the logistic regression-based diagnostic algorithm consisted of
two steps. First, the mass spectra of each cancerous or
non-cancerous tissue were acquired by PESI-MS. Second, all mass spectra were learned by logistic regression
to discriminate the blind samples. Furthermore, the discriminant accuracy of diagnostic algorithm was validated
using 20 independent specimens that were obtained during surgery undertaken in 2018.

PESI-MS and machine learning

PESI-MS measurements are described in more detail in
a previous report [13]. Briefly, for sample preparation
before PESI-MS, 2.5 mg of tissue was homogenized in
100 μl of 50% ethanol using a disposal pestle (Argos
Technologies, Vernon Hills, IL, USA). The homogenate
was centrifuged at 15,000×g for 5 min, and the supernatant was diluted by 50% ethanol to 4-fold for positive
ion mode and 2-fold for negative ion mode. Nine microliters of sample solution were placed in the sample plate
(Shimadzu Corp., Kyoto, Japan) to perform PESI-MS.
Ambient ionization unit (DPiMS-8060; Shimadzu
Corp.) was used for PESI combined with a triple quadrupole mass spectrometer (LCMS-8060; Shimadzu Corp.)
for direct MS, and the analyses were performed as previously described [12]. Analyses were performed for both
positive and negative ion mode. The probe needle with a
tip radius of < 1 μm was moved downward to touch the
sample solution and then upward to apply high voltage
(2.3 kV for positive and − 2.0 kV for negative ion mode)
for ESI. This movement was repeated, and generated
ions were introduced into the mass spectrometer. Figure 1a shows the procedure of PESI-MS analysis. Acquisition of scanning data was completed within
approximately 10 min after beginning the sample preparation. Representative mass spectra of each sample were
generated using LabSolutions (Shimadzu Corp.). The abscissa indicates mass-to-charge ratio (m/z), and the ordinate shows ion intensity (label-free quantification).
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Fig. 1 Workflow of a probe electrospray ionization-mass spectrometry (PESI-MS) and machine learning and b liquid chromatography-electrospray
ionization-mass spectrometry (LC-ESI-MS). In PESI-MS, a small amount of sample solution (9 μL) is placed onto the sample plate and directly
analyzed without any further pretreatments. In this system, we use all spectral peaks to construct the database instead of annotating each
spectral peak. In contrast, we separate the analytes by liquid chromatography in LC-ESI-MS, followed by annotation of each molecule. The data
are further evaluated by statistical methods

Logistic regression analysis was applied to each mass
spectrum pattern and corresponding tissue type, that is,
CRLM or non-cancerous liver. The expression levels of
analyzed lipids obtained from each sample were

individually normalized by the median value. Normalized
datasets of CRLM and normal liver parenchyma were
learned by logistic regression, a type of machine learning, and blinded samples were classified as cancer or

Fig. 2 Diagram showing the registry process of patients in this study. All 183 specimens composed of both cancer and non-cancer tissues were
used in the PESI-MS experiment, and 150 were used in the LC-ESI-MS experiment
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Table 1 Clinicopathological background of patients with CRLM
Variables

n = 103

Age, year

68 (35–84)

Sex, M/F*

61 (59.2) / 42 (40.8)

Primary, Colon/Rectum

65 (63.1) / 38 (36.9)

Timing, synchronous/metachronous

64 (62.1) / 39 (37.9)

Child-Pugh classification, A/B/C

95 (92.2) / 8 (7.8) / 0 (0.0)

ICGR15, %

8.7 (0.1–24.5)

CEA, ng/ml

9.4 (0.6–625.5)

CA19–9, IU/ml

21 (1–1400)
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The 10-fold CV procedure was as follows. Original samples were randomly separated into 10 equally sized subgroups. Of the 10 subgroups, a single subgroup was
retained as the blind data for testing the model, and the
remaining nine subgroups were used as training data.
The procedure was repeated for all subgroups, with each
of the 10 subgroups used exactly once as the blind data.
The 10 results were then averaged (or otherwise combined) to produce a single estimation. The 10-fold CV
for randomly constructed subgroups was performed 10
times. Additionally, the discriminant accuracy of the
diagnostic algorithm was further validated using specimens from additional patients with 40 data sets (20
CRLMs and 20 non-cancerous tissue).

Neoadjuvant chemotherapy

44 (42.7)

Adjuvant chemotherapy

40 (38.8)

Number of nodules

3 (1–20)

Maximum tumor diameter, cm

2.4 (0.5–15.0)

LC-ESI-MS

KRAS, wild type

54 (56.8)

Differentiation, well/mod/por

21 (26.6) / 53 (67.1) / 5 (6.3)

For LC-ESI-MS, 1 mg of tissue was homogenized in
100 μl of 0.1% formic acid in methanol using a disposal
pestle as described above, and the homogenate was
mixed using a ThermoMixer C (Eppendorf, Hamburg,
Germany) for 5 min at 4 °C. After standing on ice for 5
min, the homogenate was centrifuged at 15,000×g for 5
min. The resulting supernatant was diluted by methanol
to 50-fold, and 500 μl of sample solution was placed in a
LabTotal Vial (Shimadzu Corp.) to perform LC-ESI-MS.
In LC-ESI-MS, high-pressure liquid chromatography
(Nexera X2; Shimadzu Corp.) and ESI unit were installed
to LCMS-8060 (Fig. 1b). For analysis of tissue components, LC/MS/MS Method Package for Phospholipid
Profiling (Shimadzu Corp.) was applied in accordance
with the manufacturer’s instructions. A Kinetex C8 column (Kinetex C8, 150 mm × 2.1 mm i.d., 3.6-μm particle
size; Phenomenex, Torrance, CA, USA), mobile phase A
(20 mM ammonium formate in water) and mobile phase

Values are described as median (range) or n (%)
M male, F female, CRLM colorectal liver metastasis, ICGR15 indocyanine green
retention rate at 15 min, CEA carcinoembryonic antigen, CA19–9 carbohydrate
antigen 19–9

not. The possibility of cancer was indicated as the value
of probability (0.0–1.0). The detailed procedure, mathematical formula of data processing and discriminant
analysis were previously described [14]. To evaluate the
discriminative accuracy of the algorithm, leave-one-out
cross validation (LOOCV) and 10-fold cross validation
(10-fold CV) were applied. LOOCV procedure is summarized as follows. One sample is left out of all samples;
this one is considered as the validation set and the
remaining samples are assumed as the training set. This
cycle is repeated until all samples enter the test set [15].

Fig. 3 Normalized mean mass spectra by PESI-MS. Both a positive and b negative ion modes are shown. Note that overt differences in ion
species were not apparent between the positive and negative ion modes. Blue: non-cancer liver parenchyma. Red: colorectal liver metastasis
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Fig. 4 Receiver operating characteristic curve of probability by discriminant analysis. By discriminating the spectral data by machine learning, the
area under the curve (AUC) was 0.9999; this value achieved both extraordinarily high sensitivity and specificity

B (acetonitrile: isopropanol 1:1 v/v) were used for LC
separation. The concentration of mobile phase B was
programmed as 20% (0 min) – 20.0% (1 min) – 40.0% (2
min) – 92.5% (25 min). The oven temperature was 45 °C.
Data processing and molecular identification/quantification were performed automatically using LabSolutions
software (ver. 5.82 SP1; Shimadzu Corp., Kyoto, Japan).
PESI-MS presents mass spectra associated with molecules of up to 2000 m/z, which include most phospholipids. A total of 457 ion intensities of phospholipids
with definite numbers of carbon atoms and doublebonded acyl groups were analyzed.
Statistical analysis

Continuous variables are expressed as median and range.
ROC curves were drawn using probability data from logistic regression (threshold value: 0.500). The absolute
ion intensities obtained from LC-ESI-MS were compared
using Mann–Whitney U test. Statistical analyses were
performed using SPSS Statistics, version 25.0 (IBM
Corp., Armonk, NY, USA).

Results
Patient characteristics

A flow chart of patient selection and sample selection is
shown in Fig. 2. Among 202 patients who underwent
surgical resection of CRLMs, 99 were excluded because

they met either of the following criteria: (1) a tumor
smaller than 5 × 5 × 5 mm or a small tumor volume that
did not allow qualitative histological examination after
sampling for MS (n = 74), or (2) a necrotic area that occupied most of the tumor (n = 25). Therefore, we made
103 CRLM and non-cancer background liver specimens
as candidates of this study. Of these 103 non-cancer liver
specimens, 23 were excluded from the analysis because
they were obtained from patients with impaired liver
function (Child–Pugh class B or ICGR15 of > 20.0%). Finally, PESI-MS was performed on 103 CRLM specimens
and 80 non-cancer liver specimens. Next, the matched
CRLM and non-cancerous samples from each patient
were selected to apply LC-ESI-MS. Hence, 75 CRLM
and normal liver parenchyma could be re-analyzed. The
demographics and clinicopathological features of the 103
patients with CRLM are summarized in Table 1. Fortyfour
patients
(43%)
underwent
neoadjuvant
chemotherapy.
PESI-MS and machine learning

Normalized mean mass spectra of CRLM and noncancer liver parenchymal tissue are shown in Fig. 3. The
mass spectral pattern of each category differed in positive and negative ion modes. These spectral patterns
were learned and analyzed using logistic regression and
validated using LOOCV method. Among 103 CRLM
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Table 2 Candidate marker of phospholipids to discriminate
CRLM
m/z

Candidate
molecule

Median ion intensity
Non-cancer

CRLM

P value
(−log10)

Dominant in non-cancer liver specimen
760.50

PE (38:7–16:1/22:6)

12,970.0

0.0

28.3

712.50

PE (34:3–16:0/18:3)

19,792.0

0.0

27.7

788.55

PE (40:7–18:1/22:6)

153,466.0

0.0

26.8

806.50

PS (40:7–18:1/22:6)

8562.0

0.0

27.0

863.55

PI (36:1–16:0/20:1)

8974.0

0.0

25.6

762.50

PE (38:6–16:0/22:6)

2,058,266.0

57,728.0

25.5

736.50

PE (36:5–16:0/20:5)

121,756.0

11,973.0

25.4

850.55

PC (38:6–16:0/22:6)

480,734.0

29,393.0

25.4

738.50

PE (36:4–16:0/20:4)

566,367.0

63,337.0

25.4

790.55

PE (40:6–18:0/22:6)

1,171,554.0

66,685.0

25.4

Dominant in CRLM specimen
747.55

SM (34:1-d18:1/16:0)

175,390.0

375,704.0

20.2

830.60

PC (36:2–16:0/20:2)

0.0

9619.0

19.9

800.60

PE (40:1–18:1/22:0)

0.0

17,383.0

18.6

856.60

PC (38:3–18:1/20:2)

0.0

8239.0

18.2

768.55

PE (38:3–18:1/20:2)

0.0

39,983.0

16.3

858.60

PC (38:2–18:1/20:1)

0.0

18,930.0

16.3

766.55

PE (38:4–18:2/20:2)

0.0

17,581.0

14.1

830.60

PC (36:2–16:1/20:1)

0.0

8761.0

10.9

716.55

PE (34:1–16:1/18:0)

0.0

65,533.0

10.9

786.55

PS (36:2–18:1/18:1)

0.0

3703.0

8.4

CRLM colorectal liver metastasis, PE phosphatidylethanolamine, PC
phosphatidylcholine, SM sphingomyelin, LPC lysophosphatidylcholine

samples, 102 samples were correctly diagnosed. Meanwhile, all 80 non-cancer samples were correctly diagnosed. Specificity, sensitivity and accuracy of logistic
regression were 100, 99 and 99%, respectively. Ten-fold
CV demonstrated that the total accuracy rate was 99.0%.
(Supplementary Table 1). ROC curve of logistic regression for discriminating CRLM is shown in Fig. 4, in
which the area under the curve was 0.9999.
In the independent validation set, 18 CRLMs were correctly diagnosed, while all 20 non-cancerous samples
were correctly diagnosed. Specificity and sensitivity were
100.0 and 90.0% respectively (Supplementary Table 2).
LC-ESI-MS

We identified 457 species of phospholipids, among
which 146 ion (31.9%) species showed significantly different ion intensities between CRLM and non-cancer
liver parenchyma (P < 0.01). Table 2 shows top 10 phospholipids among these 146 species. The total ion intensity of each phospholipid, including phosphatidylcholine,
phosphatidylethanolamine,
phosphatidylserine,

phosphatidylinositol, sphingomyelin, lysophosphatidylcholine, lysophosphatidylethanolamine, lysophosphatidylinositol and lysophosphatidylglycerol, was compared
between CRLM and non-cancer liver parenchyma
(Fig. 5). Notably, the expression of phosphatidylcholine
and phosphatidylethanolamine in the non-cancer liver
parenchyma (mean: 2.32 × 108 arbitrary unit [AU] and
6.19 × 107 AU, respectively) was higher than CRLM
(mean: 1.46 × 108 AU and 1.11 × 107 AU; P < 0.01,
respectively).
As shown in Table 2, phospholipid species that are upregulated in non-cancer liver tissues are more likely to
contain fatty acids (no double bonds exist in the carbon
chain) and polyunsaturated fatty acids (more than two
double bonds exist in the carbon chain), while those increased in CRLM are predominantly monounsaturated
fatty acids (one double bond exists in the carbon chain).
The total ion intensities of saturated, monounsaturated,
and polyunsaturated fatty acids were calculated in
CRLM tissue and non-cancer liver parenchyma. Monounsaturated fatty acids accounted for 37% of total phospholipids in CRLM and 11% of those in non-cancer liver
specimens (P < 0.01). Conversely, the total ion intensity
of the other two saturated fatty acids was higher in noncancer liver tissue than in CRLM (Table 3).

Discussion
This new rapid diagnostic system showed high accuracy
rate (99%) in discriminating CRLM tumor from noncancer liver parenchyma. LC-ESI-MS analysis revealed
that phospholipids categorized as monounsaturated fatty
acids were more highly expressed in CRLM than in noncancer liver parenchyma. The most distinctive feature of
PESI-MS is that it provides mass spectra of individual
tissue rapidly using small amounts of sample. These
characteristics are advantageous in clinical situations.
Crucially, the precise differential diagnosis of new hepatic lesions found intraoperatively can be completed during the operation. This new diagnostic system has the
potential to supersede the mainstream––but less accurate––methods of intraoperative biopsy and frozen section diagnosis of liver lesions that are unexpectedly
found during surgery [9].
In late years, other types of ambient mass spectrometry, including intelligent knife, which is composed of
rapid evaporative ionization mass spectrometry, or MasSpec Pen, which is composed of desorption electrospray
ionization mass spectrometry have been studied in clinical settings [16, 17]. These techniques are classified in
the same category as PESI-MS, and do not require chromatographic separation. PESI is a new ionization
method that does not require the desalting procedure
and can ionize a large variety of molecular components
that are difficult to ionize by the former two modalities.
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Fig. 5 Comparison of lipid contents between non-cancer liver parenchyma and colorectal liver metastasis. Note that the amount of both
phosphatidylcholine and phosphatidylethanolamine were significantly lower in colorectal liver metastasis (P < 0.01, respectively). PC,
phosphatidylcholine; PE, phosphatidylethanolamine; PS, phosphatidylserine; PI, phosphatidylinositol; SM, sphingomyelin

Additionally, it is easier to manipulate PESI-MS compared with conventional mass-spectrometry. An operator only has to push the “acquire” button following the
setting of the sample plate on the machine interface,
while LC-MS requires dedicated column, chromatographic and MS/MS conditions. Although the initial cost
is nearly equal to other mass spectrometer, it is
maintenance-free for PESI.
This new diagnostic system could be effective in intraoperative evaluation of surgical margin, lymph node metastasis and disappearing CRLM after chemotherapy.
CRLM frequently invades intrahepatic vascular structures, which could affect the postoperative prognosis [4,
18]. However, a surgical margin is sometimes judged
negative at intraoperative examination using frozen section although postoperative examination using paraffinembedded sections did positive [19]. Similarly, a small
foci of cancerous cells in a resected lymph node is sometimes confirmed only after operation. These diagnostic
discrepancies would be attributable to the small sample
volume. PESI-MS and machine learning can detect cancerous tissue as small as 2.5 mg, which might help to
overcome this difficulty in diagnosing surgical margin

and lymph node metastasis. Resection of disappearing
CRLM after effective chemotherapy remains a clinical
challenge because such a tumor is difficult to identify
during operation. In such cases, surgeons search for
tumor in the resected specimen. However, any suspicious lesion in the specimen slices is sometimes missed
because of the small tumor size. PESI-MS might be sensitive in detecting tumor cells in such specimen even if
tumor is not visible. Further studies are required to
analyze the surgical margin, lymph node and disappearing CRLM using this new diagnostic system.
Approximately one-third of the 465 investigated phospholipids showed significantly different ion intensity levels
between CRLM and non-cancer liver parenchyma by LCESI-MS analysis. This was in good agreement with previous reports demonstrating significant changes in lipid profiles in cancer patients [20–22]. Other reports have
demonstrated the high discriminant accuracy of PESI-MS
and machine learning for head and neck cancer and breast
cancer (92.9 and 96.0%, respectively) [12, 23]. Similarly,
this system also could rapidly discriminate CRLM from
non-cancerous tissue. In particular, our study confirmed
the results of a previous study showing that

Table 3 Degree of FA saturation
Saturated FAs

Mono-unsaturated FAs

Poly-unsaturated FAs

Non-cancer

46.8%

10.7%

42.5%

CRLM

39.2%

37.2%

23.6%

FA fatty acids, CRLM colorectal liver metastasis
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Table 4 Previously reported lipid biomarkers in colorectal liver metastasis
Author

Year

Sample size

Modality

Name of lipid

Sample type

Up/Down

Remarks

Shimma [28]

2007

1

MALDI-MS

SM (16:0)

Tissue

Up

Diagnostic Factor

Thomas [29]

2013

3

MALDI-MS

PE (38:6), PE (40:4)

Tissue

Up

Diagnostic Factor

Figueiredo [30]

2018

36

MALDI-MS

Sphingolipids

Tissue

Up

Diagnostic Factor

Glycerophospholipid
Present

2020

75

LC-ESI-MS

Mono-unsaturated fatty acid

Prognostic Factor
Tissue

Up

Diagnostic Factor

MALDI-MS matrix-assisted laser desorption/ionization-mass spectrometry, LC-ESI-MS liquid chromatography-electrospray ionization-mass spectrometry, SM
sphingomyelin, PE phosphatidylethanolamine

phosphatidylcholine and phosphatidylethanolamine are
highly expressed in normal hepatocyte (P < 0.01; Fig. 5)
[24].
Monounsaturated fatty acids were recently reported to
be correlated with tumor biology [25–27]. In the present
study, monounsaturated fatty acids comprised 37.2% of
all investigated phospholipids, and the proportion was
much higher than that in non-cancer liver parenchyma
(10.7%, P < 0.01). This is consistent with previous reports
demonstrating that the expression level of phospholipids
with monounsaturated fatty acids was higher in colorectal cancer than in normal mucosa (Table 4) [28–30].
There are no reports referring to unsaturation of fatty
acids in CRLM. Our findings support the application of
cancer therapy that targets the enzymes expressed in the
endoplasmic reticulum, such as SCD-1, to CRLM [27,
31]. However, further experiments are required to identify the exact molecules comprising monounsaturated
fatty acids in CRLM.
This study has several potential limitations. First, the
present study was retrospective and the sample size was
small. The new diagnostic system was applied after making final histological diagnosis. Additionally, we excluded
a number of samples because they were prepared only
from patients whose tumor diameter was large enough
after excision for indisputable pathological evaluation. A
further prospective study may be warranted. Second, some
patients underwent neoadjuvant chemotherapy, which
may lead to changes in the lipid profiles of metastatic lesions. Incorrect diagnosis in PESI-MS and machine learning was seen in only one specimen, which was obtained
from non-cancerous liver in the patient who underwent
59 sessions of preoperative chemotherapy (FOLFOX or
FOLFIRI with bevacizumab). Further studies focusing on
the use of this new diagnostic system in the patients
undergoing neoadjuvant chemotherapy may be favored.

Conclusions
The new combination of PESI-MS and machine learning
is likely to provide a higher degree of precision in discriminating CRLM from non-cancerous liver tissue.
Additional analysis using LC-ESI-MS is required to

identify specific monounsaturated fatty acid-bonded
phospholipids as CRLM biomarker candidates.
Abbreviations
CRLM: Colorectal liver metastasis; PESI-MS: Probe electrospray ionization-mass
spectrometry; LC-ESI-MS: Liquid chromatography-electrospray ionizationmass spectrometry; ICGR15: Indocyanine green retention rate at 15 min;
LOOCV: Leave-one-out cross validation

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12885-021-08001-5.
Additional file 1: Supplementary Table 1. Discriminant accuracy of
10 times 10-fold cross validation for 103 CRLM and 80 non-cancerous
liver parenchyma.
Additional file 2: Supplementary Table 2. Discriminant accuracy of
algorithm for independent validation dataset obtained from 20 CRLM
and 20 non-cancerous liver parenchyma.

Acknowledgements
This study was performed in collaboration with Shimadzu Corporation. We
thank Ayumi Manita and Setsuko Fukuda for assisting with this project. We
also thank Angela Morben, DVM, ELS, and Alla Bradley, PhD, from Edanz
Group (https://en-author-services.edanzgroup.com/ac), for editing a draft of
this manuscript.
Authors’ contributions
SK, TK, HH, MT and KY analyzed and interpreted the mass spectra obtained
by PESI-MS. SK was major contributor in writing the manuscript. KY and JA
was major reviser in this manuscript. TI, NA, and JK read and revised the
manuscript, equally contributed to this manuscript. ST supervised the whole
project scientifically. KH had final responsibility for the decision to submit for
publication. The author(s) read and approved the final manuscript.
Funding
Not applicable.
Availability of data and materials
The datasets used and /or analyzed during the current study are available
from the corresponding author on reasonable request.

Declarations
Ethics approval and consent to participate
This clinical research was approved by the University of Tokyo Institutional
Review Board (IRB), approval number was 11262. Written informed consent
was obtained from all participants.
Consent for publication
Not applicable.

Kiritani et al. BMC Cancer

(2021) 21:262

Competing interests
Sen Takeda: research support and reports honoraria from SHIMADZU
corporation.
Kiyoshi Hasegawa: research support from SHIMADZU corporation.
Author details
1
Hepato-Biliary-Pancreatic Surgery Division, Department of Surgery, Graduate
School of Medicine, University of Tokyo, 7-3-1 Hongo, Bunkyo-ku, Tokyo
113-8655, Japan. 2Department of Anatomy and Cell Biology, Interdisciplinary
Graduate School of Medicine and Engineering, University of Yamanashi,
Yamanashi, Japan.
Received: 1 October 2020 Accepted: 2 March 2021

References
1. Lochan R, White SA, Manas DM. Liver resection for colorectal liver
metastasis. Surg Oncol. 2007;16(1):33–45.
2. Engstrand J, Nilsson H, Stromberg C, et al. Colorectal cancer liver metastases
- a population-based study on incidence, management and survival. BMC
Cancer. 2018;18(1):78.
3. Van Cutsem E, Cervantes A, Adam R, et al. ESMO consensus guidelines for
the management of patients with metastatic colorectal cancer. Ann Oncol.
2016;27(8):1386–422.
4. Sadot E, Groot Koerkamp B, Leal JN, et al. Resection margin and survival in
2368 patients undergoing hepatic resection for metastatic colorectal cancer:
surgical technique or biologic surrogate? Ann Surg. 2015;262(3):476–85
discussion 483–5.
5. Hamady ZZ, Lodge JP, Welsh FK, et al. One-millimeter cancer-free margin is
curative for colorectal liver metastases: a propensity score case-match
approach. Ann Surg. 2014;259(3):543–8.
6. Torzilli G, Del Fabbro D, Palmisano A, et al. Contrast-enhanced
intraoperative ultrasonography during hepatectomies for colorectal cancer
liver metastases. J Gastrointest Surg. 2005;9(8):1148–53 discussion 1153–4.
7. Takahashi M, Hasegawa K, Arita J, et al. Contrast-enhanced intraoperative
ultrasonography using perfluorobutane microbubbles for the enumeration
of colorectal liver metastases. Br J Surg. 2012;99(9):1271–7.
8. Hoareau J, Venara A, Lebigot J, et al. Intraoperative contrast-enhanced
ultrasound in colorectal liver metastasis surgery improves the identification
and characterization of nodules. World J Surg. 2016;40(1):190–7.
9. Evans CA, Suvarna SK. Intraoperative diagnosis using the frozen section
technique. J Clin Pathol. 2006;59(3):334.
10. Takeda S, Yoshimura K, Hiraoka K. Innovations in analytic oncology - status
quo of mass spectrometry-based diagnosis for malignant tumor. J Anal
Oncol. 2012;1:74–80.
11. Yoshimura K, Mandal MK, Hara M, et al. Real-time diagnosis of chemically
induced hepatocellular carcinoma using a novel mass spectrometry-based
technique. Anal Biochem. 2013;441(1):32–7.
12. Ashizawa K, Yoshimura K, Johno H, et al. Construction of mass spectra
database and diagnosis algorithm for head and neck squamous cell
carcinoma. Oral Oncol. 2017;75:111–9.
13. Takeda S, Yoshimura K, Tanihata H. Sample preparation for probe
electrospray ionization mass spectrometry. J Vis Exp. 2019:e59942.
14. Johno H, Yoshimura K, Mori Y, et al. Detection of potential new biomarkers
of atherosclerosis by probe electrospray ionization mass spectrometry.
Metabolomics. 2018;14(4):38.
15. Molinaro AM, Simon R, Pfeiffer RM. Prediction error estimation: a
comparison of resampling methods. Bioinformatics. 2005;21(15):3301–7.
16. Barog J, Sasi-Szabo L, Kinross J, et al. Intraoperative tissue identification
using rapid evaporative ionization mass spectrometry. Sci Transl Med. 2013;
5(194):194ra93.
17. Brown H, Pirro V, Cooks R. From DESI to the MasSpec Pen: ambient
ionization mass spectrometry for tissue analysis and intrasurgical cancer
diagnosis. Clin Chem. 2018;64(4):628–30.
18. Hiroyoshi J, Arita J, Gonoi W, et al. Significance of Glisson’s capsule invasion
in patients with colorectal liver metastases undergoing resection. Am J
Surg. 2019;218(5):887–93.
19. Rakha E, Ramaiah S, McGregor A. Accuracy of frozen section in the
diagnosis of liver mass lesions. J Clin Pathol. 2006;59(4):352–4.
20. Perrotti F, Rosa C, Cicalini I, et al. Advances in lipidomics for cancer
biomarkers discovery. Int J Mol Sci. 2016;17(12).

Page 9 of 9

21. Yang L, Li M, Shan Y, et al. Recent advances in lipidomics for disease
research. J Sep Sci. 2016;39(1):38–50.
22. Bandu R, Mok HJ, Kim KP. Phospholipids as cancer biomarkers: mass
spectrometry-based analysis. Mass Spectrom Rev. 2018;37(2):107–38.
23. Iwano T, Yoshimura K, Inoue S, et al. Breast cancer diagnosis based on lipid
profiling by probe electrospray ionization mass spectrometry. Br J Surg.
2020;107(6):632–5.
24. Wood R, Snyder F. Quantitative determination of alk-1-enyl- and alkylglyceryl ethers in neutral lipids and phospholipids. Lipids. 1968;3(2):129–35.
25. Kurabe N, Hayasaka T, Ogawa M, et al. Accumulated phosphatidylcholine
(16:0/16:1) in human colorectal cancer; possible involvement of LPCAT4.
Cancer Sci. 2013;104(10):1295–302.
26. Guo S, Wang Y, Zhou D, et al. Significantly increased monounsaturated
lipids relative to polyunsaturated lipids in six types of cancer
microenvironment are observed by mass spectrometry imaging. Sci Rep.
2014;4:5959.
27. Roongta UV, Pabalan JG, Wang X, et al. Cancer cell dependence on
unsaturated fatty acids implicates stearoyl-CoA desaturase as a target for
cancer therapy. Mol Cancer Res. 2011;9(11):1551–61.
28. Shimma S, Sugiura Y, Hayasaka T, et al. MALDI-based imaging mass
spectrometry revealed abnormal distribution of phospholipids in colon
cancer liver metastasis. J Chromatogr B Anal Technol Biomed Life Sci. 2007;
855(1):98–103.
29. Thomas A, Patterson NH, Marcinkiewicz MM, et al. Histology-driven data
mining of lipid signatures from multiple imaging mass spectrometry
analyses: application to human colorectal cancer liver metastasis biopsies.
Anal Chem. 2013;85(5):2860–6.
30. de Figueiredo Junior AG, Serafim PVP, de Melo AA, et al. Analysis of the
lipid profile in patients with colorectal cancer in advanced stages. Asian Pac
J Cancer Prev. 2018;19(5):1287–93.
31. Mason P, Liang B, Li L, et al. SCD1 inhibition causes cancer cell death by
depleting mono-unsaturated fatty acids. PLoS One. 2012;7(3):e33823.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

