
Analyst

PAPER

Cite this: Analyst, 2021, 146, 1239

Received 4th August 2020,
Accepted 22nd November 2020

DOI: 10.1039/d0an01555e

rsc.li/analyst

Nondestructive molecular imaging by Raman
spectroscopy vs. marker detection by MALDI IMS
for an early diagnosis of HCC†
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Hepatocellular carcinoma (HCC) is a leading cause of cancer-related deaths worldwide with a steadily

increasing mortality rate. Fast diagnosis at early stages of HCC is of key importance for the improvement

of patient survival rates. In this regard, we combined two imaging techniques with high potential for HCC

diagnosis in order to improve the prediction of liver cancer. In detail, Raman spectroscopic imaging and

matrix-assisted laser desorption ionization imaging mass spectrometry (MALDI IMS) were applied for the

diagnosis of 36 HCC tissue samples. The data were analyzed using multivariate methods, and the results

revealed that Raman spectroscopy alone showed a good capability for HCC tumor identification (sensi-

tivity of 88% and specificity of 80%), which could not be improved by combining the Raman data with

MALDI IMS. In addition, it could be shown that the two methods in combination can differentiate

between well-, moderately- and poorly-differentiated HCC using a linear classification model. MALDI IMS

not only classified the HCC grades with a sensitivity of 100% and a specificity of 80%, but also showed sig-

nificant differences in the expression of glycerophospholipids and fatty acyls during HCC differentiation.

Furthermore, important differences in the protein, lipid and collagen compositions of differentiated HCC

were detected using the model coefficients of a Raman based classification model. Both Raman and

MALDI IMS, as well as their combination showed high potential for resolving concrete questions in liver

cancer diagnosis.

Introduction

Hepatocellular carcinoma (HCC), the most common type of
primary liver cancer, is the second cause of cancer-related
deaths in the world and is generally diagnosed at an advanced
stage with poor prognosis.1 Conventionally, the diagnosis of
HCC includes blood and imaging tests and, in some cases, a
biopsy is performed to define the type and grade of liver
cancer and identify the tumor stage. During the last few years,
histopathological diagnosis of liver cancer has been improved

by techniques such as immunohistochemistry and confocal
and electron microscopy in addition to classical H&E stain-
ing.2 Nevertheless, the stratification of different tumor types
and grades is not possible based on histology alone.3

Therefore progress is needed in the development of new mole-
cular methods and automation of cancer diagnosis that will
supplement histological techniques in order to save time,
solve unclear cases and reduce human errors.4 Particularly
important is the molecular analysis based on both qualitative
and quantitative characteristics of tissues and the identifi-
cation of tumor grades, which continuously change during car-
cinogenesis and treatment.

In the past few years, Raman spectroscopy and matrix-
assisted laser desorption ionization imaging mass spec-
trometry (MALDI IMS) have been proved to be highly promising
techniques for the diagnosis of HCC.5–9 The identification,
classification and prediction of liver cancer cell lines (an accu-
racy of 93%), their organelles (an accuracy of 90.5% for
nucleus, 86.5% for cytoplasm and 96.5% for lipid droplets)
and cell proliferation states (accuracy of 99%) were successfully
performed using Raman spectroscopy by our group.5 Moreover,
the investigation of the liver cancer tissue sections from

†Electronic supplementary information (ESI) available. See DOI: 10.1039/
d0an01555e
‡Equal first-author contribution.
§Equal senior-author contribution.

aJena University Hospital, Department of Internal Medicine IV, Gastroenterology,

Hepatology, Infectious Disease, Am Klinikum, 1, 07747 Jena, Germany
bLeibniz Institute of Photonic Technology, Albert-Einstein-Straße 9, 07745 Jena,

Germany. E-mail: thomas.bocklitz@uni-jena.de
cFriedrich Schiller University of Jena, Institute of Physical Chemistry,

Helmholtzweg 4, 07743 Jena, Germany
dKlinikum Chemnitz gGmbH, Institute of Pathology, Chemnitz, Flemmingstraße 2,

09116 Chemnitz, Germany

This journal is © The Royal Society of Chemistry 2021 Analyst, 2021, 146, 1239–1252 | 1239

Pu
bl

is
he

d 
on

 2
7 

lis
to

pa
du

 2
02

0.
 D

ow
nl

oa
de

d 
on

 2
4.

01
.2

02
6 

10
:5

4:
53

. 

View Article Online
View Journal  | View Issue

www.rsc.li/analyst
http://orcid.org/0000-0003-2778-6624
http://orcid.org/0000-0003-4257-593X
http://crossmark.crossref.org/dialog/?doi=10.1039/d0an01555e&domain=pdf&date_stamp=2021-02-16
https://doi.org/10.1039/d0an01555e
https://pubs.rsc.org/en/journals/journal/AN
https://pubs.rsc.org/en/journals/journal/AN?issueid=AN146004


patients with HCC was performed by Raman spectroscopy,
which allowed cancer identification with an accuracy of 86%.6

At the same time, MALDI IMS showed its capability as a
method for liver cancer diagnosis in various studies, which
were mostly based on the investigation of proteins rather than
lipids.7–9 MALDI allowed the identification of thirteen m/z
values of protein markers, which were differentially expressed
in HCC and cirrhosis by Le Faouder et al.7 Later, additional
identification of these markers was performed and it was con-
cluded that HCC is associated with early ubiquitin post-transla-
tional modifications.8 In parallel, significantly higher
expression of four more proteins was found in HCC tissues by
MALDI IMS and these signals allowed the classification of liver
cancer with a 90% accuracy.9

In other studies the aberrant liver metabolism has been
investigated, and it was found that it causes fibrosis and tissue
inflammation leading to cancer and complete liver
dysfunction.1,10–13 Recently, it has been published that the pro-
gression of HCC leads to lipid accumulation and high
expression of fatty acids in the liver.1,10 Based on MALDI IMS
it was shown that the lipidomic fingerprinting of plasma and
serum can be successfully applied for the diagnosis of hepa-
titis B and C related HCC.12,13 In our previous studies we were
able to detect significant variations in the lipid composition of
HCC cells and tissues using Raman spectroscopy.5,6 Using a
combination of these two complementary techniques, we
aimed to investigate the improvement in liver cancer diagno-
sis. Furthermore, we focused on the investigation of molecular
markers of HCC by Raman imaging and MALDI IMS based
lipidomics.

The carcinogenesis of HCC begins with the formation of a
regenerative nodule followed by differentiation into a low-
grade dysplastic nodule, a high-grade dysplastic nodule, small
HCC (<2 cm) and large HCC (≥2 cm). The last two steps in
HCC carcinogenesis are the progression from well- (HCC at the
early stage of development) to moderately- and poorly-differen-
tiated HCC (HCC in progression). The histopathological para-
meters for HCC diagnosis are well established, but the detec-
tion of small and early HCC is usually a complicated task com-
pared to progressed HCC, which can be easily identified by
H&E based histopathological diagnosis.14 Therefore, we were
interested in the prediction of the degree of cell differentiation
in HCC and the identification of molecular markers and
pattern variations in the liver tissue during cancer
development.

Material and methods
Sample collection and selection

The ethics committee of the Jena University Hospital (Jena,
Germany) approved the study (number 2158-11/07) and
informed consent was obtained for any experimentation with
human subjects and patient samples. The tissue collection
from patients diagnosed with HCC was carried out at the
Department of General, Visceral and Vascular Surgery (Jena

University Hospital, Germany). Directly after liver resection,
transplantation or hemihepatectomy tissue specimens of the
tumor margins were shock frozen in liquid nitrogen and
stored at −80 °C. The histological examination and diagnosis
of the tissue sections were performed at the Institute of
Pathology (Jena University Hospital, Germany). The tissue col-
lection included 34 males and 14 females with a median age
of 76 years. All tissue samples obtained during liver resection
were cut, stained with hematoxylin and eosin (H&E) and evalu-
ated in a blind manner (with unknown patient information) by
an experienced pathologist (OD). In our collection of tissue
samples we found 36 HCC and 12 samples with a combination
of other liver cancer types or liver cirrhosis. In order to obtain
a large dataset, all 36 HCC samples were chosen for investi-
gation by Raman and MALDI IMS. Various tissue and disease
types such as HCC, fibrosis, hepatic nodules, adenocarcinoma,
neoplasia, necrosis and healthy liver tissue as well as lympho-
cytic infiltration, cholestasis, cirrhosis and metastases in the
liver were found and annotated in each tissue sample. Patient
information together with the pathological characteristics of
HCC tissue samples are summarized in Table 1, including the
annotations made by the pathologist on the cryo-sections
involved in this study.

Tissue sample preparations

The frozen tissue samples of HCC were cut into two parallel
tissue sections (10 and 5 µm thickness) and they were prepared
two times (Cryostat Leica 3050 S, Leica Biosystems, Germany).
One cryo-section (10 µm thick) was mounted onto a calcium
fluoride slide (CaF2; Vacuum-UV quality, Crystal GmbH,
Berlin) for the Raman measurements. The other 10 µm tissue
section was deposited onto an electrically conductive indium-
tin oxide (ITO)-coated slide for MALDI imaging. The two 5 µm
thick cryo-sections were placed on a microscope glass slide
and stained with standard H&E in order to identify the areas
of interest for both measurements. According to the earlier
defined regions of interest or the complete area, Raman and
MALDI images of the corresponding regions were obtained
using a light microscope. After the measurements, the tissue
sections were still intact and stained with H&E to further
obtain the correlation with the obtained Raman maps, MALDI
images and pathological features.

Further sample preparation was performed for the MALDI
IMS measurements. In order to co-register mass spectrometric
and microscopic images, reference points with a water-based
correction fluid were made around the tissue section.
Afterwards, the ITO slide with the tissue sections was placed
on the ImagePrep device (ImagePrep station, Bruker Daltonik
GmbH, Bremen, Germany) where the matrix application was
performed. For the investigation of lipids in the liver tissue
sections the 7 g l−1 α-cyano-4-hydroxycinnamic acid (HCCA)
(C8982, Sigma-Aldrich, Germany) matrix was dissolved in a
mixture of acetonitrile (50%), trifluoroacetic acid (0.2%) and
water, which was sprayed on the tissue sections. The matrix
type for the investigation of lipids by using an UltrafleXtreme
MALDI-TOF/TOF mass spectrometer was chosen based on the
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requirements of Bruker Daltonics (Workshop April 2013 in
Bremen, Germany).

After the measurements were performed, the slides with
tissue sections were stained with H&E and the stained sections
were assigned by an experienced pathologist to different tissue
type regions. The complete workflow of the experiments, e.g.
the liver section measurements by Raman spectroscopic
imaging and MALDI imaging mass spectrometry, is presented
in Fig. 1.

Raman imaging experiments

The Raman maps were obtained using a confocal Raman
microscope (WITec, Ulm, Germany, Model CRM 2000). A
785 nm diode laser and grating of 300 lines per mm were

selected for these experiments. The laser was connected to
the microscope by using a single mode optical fiber.
Measurements were performed with a 50× NA 0.95 objective
(EC Epiplan-Apochromat, Zeiss, Germany). A back-illuminated
deep-depletion CCD camera operating at −65 °C was used to
detect the Raman scattered photons. Before each experiment
the Raman system was calibrated first to the 520.7 cm−1 spec-
tral line of silicon. Afterwards the spectrum of 4-acetamido-
phenol (paracetamol) (A3035, Sigma-Aldrich, Germany) was
used as the reference spectrum for further calibration of the
Raman spectra acquired later.

The Raman spectral maps (n = 47) of the selected tissue
regions were acquired. The measurement area of the tumor
center, fibrotic nodules and regenerative nodules, the most

Table 1 Pathological characteristics of the investigated HCC patient samples

No Age Gender
Tumor
type Multifocal

Grade of
differentiation pT pN pM L V

Size of the
tumor (cm) Operation

Hepatopathological
annotations of the
tissue sections

1 85 M HCC Unifocal Well to moderate 2 0 0 0 X 11 cm LR HCC, Fibrosis
2 86 M HCC Unifocal Well 1 X X X 0 13 × 11 Right HH HCC, Reg Nod
3 69 F HCC Unifocal Unclear X X X X X 5 × 4 × 4 LR HCC, Norm
4 76 M HCC Unifocal Well 3 X 0 X X 10 × 6 LR HCC, Fibrosis, Reg Nod
5 88 M HCC Unifocal Well to moderate 3 X 0 0 0 10 × 8 × 67 HH HCC, Norm, Neopl
6 79 M HCC Unifocal Well 2 0 X 0 1 3 × 2 × 2 LTR Norm
7 82 M HCC Unifocal Moderate 3 0 X 0 1 16 × 15 × 9 Right HH HCC, Fibrosis
8 76 M HCC Multifocal Well 2 0 0 0 0 5 × 4 × 4 LTR Fibrosis, Reg Nod, Necr
9 69 M HCC Multifocal Poor 4 0 0 X 1 X LTR HCC, Fibrosis
10 52 M HCC Unifocal Unclear 1 0 X 0 0 X LTR Norm
11 76 M HCC Multifocal Well to moderate 2 0 0 X 1 X LTR Fibr, Reg Nod,
12 71 M HCC Multifocal Unclear 2 X X X 1 4 × 4 LR HCC, Fibrosis
13 70 M HCC Unifocal Moderate 2 0 X 0 1 3 × 3 × 2 LTR HCC, Fibrosis, Reg Nod
14 77 M HCC Multifocal Moderate 3 0 X X 1 X LTR HCC, Fibrosis
15 92 M HCC Unifocal Moderate 1 0 0 0 0 8 × 7 × 6 HH HCC, Fibrosis, Norm
16 62 M HCC Multifocal Unclear 2 0 X 0 0 6 × 5 × 4 LTR HCC, Fibrosis, Reg Nod
17 81 F HCC Multifocal Unclear X 0 X X X 9 × 8 × 6 LTR Fibrosis, Necr
18 69 M HCC Unifocal Moderate 2 0 X 0 1 8 × 8 × 7 LTR HCC, Fibrosis
19 83 M HCC Unifocal Moderate 3 0 X 0 1 9 × 6 × 4 LTR HCC, Fibrosis, Reg Nod
20 73 M HCC & CCC Unifocal Moderate 3 0 1 X 1 6 × 5 × 3 LTR HCC, Fibrosis, Reg Nod
21 87 F HCC Unifocal Poor 3 0 X 0 1 14 × 14 × 9 HH HCC, Fibrosis
22 54 F HCC Unifocal Moderate 3 0 X 0 0 14 × 13 × 8 Right HH HCC, Fibrosis
23 68 M HCC Multifocal Unclear X 0 X X X 5 × 5 × 5 LTR HCC, Fibrosis, Reg Nod
24 88 M HCC Unifocal Poor 2 0 X 0 1 15 × 10 × 10 HH HCC
25 57 F HCC Unifocal Moderate 3 0 X 0 0 15 × 14 × 11 HH HCC, Fibrosis
26 29 M HCC Unifocal Moderate 3 1 X 1 0 18 × 13 × 8 Left HH HCC, Fibrosis, Reg Nod
27 88 F HCC Multifocal Unclear 1 X X 0 0 3 × 2 × 2 LR HCC, Fibrosis
28 80 M HCC Unifocal Moderate 2 0 X 0 0 6 × 6 × 6 LTR HCC
29 95 M HCC Unifocal Moderate to poor 3 0 X 0 1 9 × 8 × 7 Right HH HCC, Fibrosis, Norm
30 80 M HCC Unifocal Moderate 1 0 0 0 0 X Left HH HCC, Fibrosis, Norm
31 76 M HCC Unifocal Moderate 2 X 0 0 1 3 × 2 × 2 Left HH HCC, Fibrosis
32 82 F HCC Unifocal Moderate 1 0 0 0 0 4 × 2 × 2 Right HH HCC, Fibrosis, Norm
33 72 M HCC Unifocal Unclear 3 X X X 1 14 × 13 × 14 HH HCC, Fibrosis
34 69 M HCC Multifocal Moderate 2 0 X 0 0 4 × 3 × 3 LTR HCC, Fibrosis
35 49 M HCC Unifocal Poor 2 0 X 0 1 15 × 11 × 7 Right HH HCC, Necr
36 56 M HCC Unifocal Moderate 1 X X 0 0 X Right HH HCC, Norm

The abbreviations are summarized as follows: Gender: M – Male, F – Female. HCC – hepatocellular carcinoma, CCC – cholangiocellular
carcinoma. TNM classification for hepatocellular carcinoma: primary tumor (pT): pTX – primary tumor cannot be assessed, pT0 – no evidence of
primary tumor, pT1 – solitary tumor without vascular invasion, pT2 – solitary tumor with vascular invasion or multiple tumors, none >5 cm, pT3
– multiple tumors >5 cm and single tumor or multiple tumors of any size involving a major branch of the portal or hepatic vein, pT4-tumor(s)
with direct invasion of adjacent organs other than gallbladder or with visceral peritoneum. Regional lymph nodes (pN): pNX – regional lymph
nodes cannot be assessed, pN0 – no regional lymph node metastasis, pN1 – regional lymph node metastasis. Distant metastasis (pM): pM0 – no
distant metastasis, pM1 – distant metastasis, X – unknown. L – invasion into lymphatic vessels: X – unknown, 0 – no, 1 – yes. V – presence of
microvascular invasion: X – unknown, 0 – no, 1 – yes. LTP – liver transplantation, HH – hemihepatectomy, LR – liver resection, Reg Nod –
regenerative nodules, Necr – necrosis, Neopl – neoplasia, and Norm – normal (healthy) liver tissue.
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common tissue types, was 75 × 75 μm2. The measurement
spectral region of 3200–200 cm−1 was chosen in the mapping
mode of WITec Control. A lateral step size of 1 μm was utilized
in order to obtain precise information about the molecular
composition of the tissue areas. In order to suppress the auto-
fluorescence from the liver tissue 2 s pre-bleaching followed by
an integration time of 5 s per spectra was chosen. As specific
CaF2 slides were used for mounting the tissue sections the
substrate background was reduced compared with the glass
slides. To remove the remaining fluorescence background
(Fig. S1†), a baseline correction was applied during data pre-
processing (see the Data analysis subsection).

MALDI IMS experiments

All MALDI IMS measurements were performed using an
UltrafleXtreme MALDI-TOF/TOF mass spectrometer (Bruker
Daltonik GmbH, Bremen, Germany) after the tissue sections
were placed on the ITO slides and a matrix was applied. For
lipid detection the MALDI measurements were performed with
the HCCA matrix in the 200–1500 Da mass range. The mass-to-
charge ratios (m/z) of the molecules were detected using a
time-of-flight analyzer (TOF) in the reflector positive ion mode.
A sampling rate of 1.25 GS/sample was used. 500 shots per
spectra were acquired with a 50 µm step size for each
measured point within the tissue sample. Depending on the
size of the ROI, different number of spectra were acquired,
ranging from 23 to over 10 000 spectra. The median number of
spectra per ROI was 558, which corresponds to about 1.4 mm2.

For the calibration of MALDI IMS, the Peptide Calibration
Standard II (222570, Bruker, Germany) was prepared according
to the manufacturer’s instructions. This calibration standard
is recommended for peptide investigation by MALDI IMS, but
it covers only the m/z range of 750–3200 m/z. Therefore, some
variations in the low m/z values may be introduced due to this
standard choice. A mixture of the calibration standard and
matrix was applied on the ITO slide next to the tissue section
and measured for the calibration of the m/z axis.

Data analysis

The Raman images of the liver tissue sections were acquired
with the WiTec control software (WITec, Ulm, Germany). The
acquired maps were correlated with the H&E stained tissue sec-
tions to assign every region to a tissue or disease type (HCC,

regeneration nodules or fibrosis based). Finally, the spectral
data were exported and further analyzed with statistical pro-
gramming language R.15

Similarly, each of the acquired datasets from the MALDI
measurements was first imported into the FlexImaging soft-
ware (Bruker Daltonik GmbH, Bremen, Germany) and co-regis-
tered with an image of the H&E stained tissue section. Based
on the histological annotation made by a pathologist, regions
showing specific tissue or disease types such as HCC, regen-
erative nodules, normal tissue, necrosis, neoplasia and fibrosis
were marked and exported for further analysis with statistical
programming language R.

For the interpretation of the identified Raman bands and
MALDI IMS peaks different literature sources were referred
and they are presented in the ESI.† Nevertheless, here we need
to admit that in MALDI IMS, depending on the presence of e.g.
salts in the HCCA matrix, adduct formation can occur during
the ionization of analytes. Therefore, a shift like mass + 1 Da =
H + adduct, mass + 23 Da = Na + adduct or mass + 39 Da = K +
adduct can be expected and need to be considered.16

All data were preprocessed and analyzed using the statisti-
cal programming language R. The preprocessing of the spec-
tral data was performed in order to avoid variations based on
the measurement artifacts. Prior to the preprocessing of the
MALDI data, every ROI was divided into 15 subareas, from
which the mean spectrum was obtained for each subarea. This
allowed for a decrease in noise and equalization of the
number of observations obtained from every ROI. The baseline
correction of the averaged MALDI spectra was performed using
the sensitive nonlinear iterative peak (SNIP) clipping algor-
ithm.17 After the baseline correction, spectral warping, peak
picking, merging of peaks, and total ion count (TIC) normali-
zation procedures were applied. The peak binning tolerance
value at the peak picking step was set to 0.002. Within the ana-
lyzed range, this tolerance value corresponds to the binning
window between 0.2 and 1 m/z.

The baseline correction of the Raman spectra was also per-
formed using the SNIP background correction algorithm. After
the baseline correction, each Raman scan was divided into 15
subareas and the mean spectra were calculated to obtain the
same number of Raman and MALDI spectra per ROI (see
Fig. S2†). In the last step of the preprocessing vector normali-
zation of the mean Raman spectra was performed.

Fig. 1 The workflow of the performed experiments for both studies including tissue sectioning, Raman and MALDI measurements, data analysis:
H&E staining, pathological diagnosis and the PCA-LDA classification model. CaF2 – calcium fluoride slide; ITO – indium tin oxide slide.
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To avoid overfitting of the classification models, a dimen-
sion reduction by principal component analysis (PCA) was per-
formed for both Raman spectroscopic data and MALDI spec-
trometric data. Subsequently, linear discriminant analysis
(LDA) models were built on the PCA scores for the classifi-
cation between fibrosis and HCC regions. These models were
validated by applying the two-layer leave-one batch-out cross-
validation (LBOCV) procedure with a selection of number of
PCs within the internal loop of LBOCV.18 As a batch, the
spectra of the samples obtained from the same patient were
considered. For performing a 2-level cross-validation, one ‘test’
batch is excluded from the data set and the LBOCV procedure
is applied on the remaining data for parameter optimization,
then the ‘test’ batch is predicted based on the model trained
with the chosen parameter. This process is repeated until all
batches are predicted once. This type of validation makes it
possible to estimate the model performance in a way similar to
the testing of an independent data set.

For a combined data analysis, PCA scores of the two data
types were concatenated based on the patient IDs and sample
labels. Then the combined data set was used to construct a
combined LDA model. Unfortunately, the combined data set
had a lot of missing data, due to the fact that high quality
spectral data of some tissue types were acquired only by one of
the measurement techniques. To overcome this problem, we
imputed missing values using regularized iterative expectation
maximization PCA.19 To simplify the processing workflow, the
combined analysis was performed by applying the one-layer
LBOCV procedure, using a number of principal components
(PCs) which were found to be optimal for the separate analysis
of the Raman data and MALDI data.

Besides LDA classification models, a linear regression was
built for discrimination between the grades of HCC differen-
tiation for both the Raman data and the MALDI data. In order
to ensure the correctness of the assigned grades, only the HCC
areas of the samples with clearly identified grades (poor, mod-
erate, or well) were used. The unclear samples (e.g. identified
as ‘poor to moderate’) were skipped. As the number of samples
that were labeled accordingly was smaller than the data for the
classification task, it was decided to use the one-layer LBOCV
with a fixed number of principal components, so that a more
stable model could be obtained. Five PCs were preselected for
the regression analysis of the Raman spectral data and MALDI
spectral data.

Furthermore, a model interpretation was carried out. To do
so, for every model the scaling vector or the model coefficients
were calculated according to the published literature.5,6,12,20,21

At this point it is important to admit that the number of
patient samples is always an issue due to every patient’s per-
sonal decision, the availability of the medical staff and correct
sample collection. Moreover, different tissue types can only be
identified after the pathological evaluation of H&E stained
cryo-sections, which is performed after Raman or MALDI
measurements. All of these facts limit the final number of
samples, which can be used for our investigations. In order to
obtain statistically relevant data, we chose the patient samples

with tissue types found in at least 10 samples. Therefore, from
our HCC tissue collection of 36 samples only 21 were included
in the data analysis based on the presence of at least two
tissue types in one section (HCC and fibrosis), tissue con-
ditions (mostly depend on the tissue collection procedure) and
spectral quality (depends on the auto-fluorescence of the
sample and tissue architecture). In this analysis, we investi-
gated HCC and fibrosis as two distinct groups without consid-
ering the differentiation grades of HCC or locations of fibrosis
within the sample. Due to the low number of patient samples
with the tissue types regenerative nodules (n = 8), normal (n =
5), necrosis (n = 3) and neoplasia (n = 1), these samples were
not utilized in the analysis. Nevertheless, we want to note that
the Raman spectra of the regions of regenerative nodules had
high spectral similarities to the HCC spectra in both MALDI
and Raman datasets (seen in Fig. S3 in the ESI†). The analysis
of other regions was not reasonable from the statistical point
of view due to their small sample size.

Results
A combination of Raman imaging and MALDI IMS for HCC
diagnosis

Spectral analysis and band annotation. The first part of the
study was focused on discrimination between HCC and fibro-
tic tissues in the liver cryo-sections. Here, the Raman spectra
were used for the classification of tissue types based on their
complex molecular information. Furthermore, the MALDI data
were used to predict the tissue types based on variations in
lipids present in both HCC and fibrotic tissues.

Consequently, the average spectra obtained by Raman and
MALDI imaging for each liver tissue type are presented in
Fig. 2A and B. By subtraction of the fibrosis (fibrotic tissues
surrounding liver cancer) the average spectra of HCC (liver
cancer tissues), and the difference spectra for Raman and
MALDI datasets can be calculated (Fig. 2C and D). In these
plots, higher intensities of lipids in the Raman spectra of HCC
were identified at 717, 1059, 1077, 1299, 1440, 1653, 1743,
2856, 2880, 2889 and 2896 cm−1. Furthermore, the spectral
bands at 999, 1569, 1587, 2880, 2889 and 2896 cm−1 that rep-
resent the molecular vibration of proteins were seen in the
cancer tissue. In the surrounding tissues various bands of col-
lagen at 810, 852, 918, 933, 1032, 1239, 1275, 1341, 1401 and
1677 cm−1 were found, and they can be correlated with
ongoing liver fibrosis. A more detailed identification of the
Raman bands based on several references can be found in
Table S1 in the ESI.† Essentially the main variations seen in
HCC correspond to lipids and proteins, while collagen, glyco-
gen, DNA as well as proteins and lipids were visible in the sur-
rounding fibrotic tissues. The MALDI data showed significant
differences in the lipid types between HCC and fibrotic
tissues. Within the measured ranges of 200–400, 700–900 and
up to 1000 m/z, the identification of fatty acyls (e.g. subclass of
fatty acids), phospholipids and complex lipids such as sphin-
golipids can be achieved, respectively.
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In this study, no significant differences and high variations
were observed in the range of 200–400 m/z whereas significant
differences could be detected in the range of 700–1000 m/z.
Therefore, the 700–850 m/z region was selected for the develop-
ment of a LDA classification model. We used the LIPID MAPS®
Lipidomics Gateway database for the identification of lipids
based on their m/z ratios, as it was published in other
studies.12,13,22 The found lipid classes and subclasses are pro-
vided in Table S2 in the ESI.† Roughly, main differences could be
identified in Glycerophosphocholines (GP01) at 783.56 and
789.61 m/z and in Glycerophosphoinositols (GP06) at 799.56,
790.38 and 800.38 m/z for both HCC and fibrosis. In addition,
the following changes could be found: in Glycerophosphoserines
(GP03) at 799.56 m/z, in Glycerophosphates (GP10) at 782.59 m/z
and mostly in Glycerophosphoglycerols (GP04) at 750.94,
784.35 and 798.36 m/z for only HCC and in
Glycerophosphoethanolamines (GP02) at 709.12 m/z for only
fibrosis. The role of glycerophospholipids in the metastasis devel-
opment of HCC and as a diagnostic marker was already pub-
lished and will be described later in the Discussion section.11,23

Classification of HCC against non-cancerous fibrotic tissues.
For tissue type prediction, a LDA classification model was uti-

lized to separate between HCC and fibrosis. On data basis the
Raman spectroscopic data, MALDI spectrometric data, and
their combination were tested. As it can be seen from the
LBOCV results (Fig. 3B and Table 2A, B), Raman spectroscopy
alone performs better than MALDI imaging for the classifi-
cation between HCC and fibrotic tissues.

Besides comparing the two techniques separately we also
performed a combined analysis. Although multiple samples
were measured using Raman spectroscopy and MALDI
imaging, some patients had data only for one technique due
to the limitations described above. Therefore, a direct combi-
nation of the data resulted in a number of observations with
missing data that cannot be used in the analysis. The fact of
missing data leads to a dramatic decrease of the training data,
e.g. patients, thus lowering the analysis efficiency. However,
when the missing data are imputed artificially based on the
available data as described in the Data analysis subsection, the
resulting amount of training data increases and this can
increase the performance of the model using the combined
data. The calculated ROC curves for 2 patients can be seen in
Fig. 3A as examples. In these cases the combination of the
Raman and MALDI IMS data provided the best prediction

Fig. 2 Preprocessed Raman spectra (A) and MALDI spectra (B) of different types of tissues obtained for the liver sections. The average spectra and
their standard deviations are shown for hepatocellular carcinoma (HCC) and fibrotic regions (Fibr). Difference spectra obtained for both methods are
shown in (C) and (D).
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result. The area under the ROC curve (AUC) for all data of the
combined model is comparable to the AUC for the Raman
spectroscopic data (Fig. 3B) even for the samples that were not
measured with Raman imaging.

Although the AUC values above 0.5 in Fig. 3B prove that the
MALDI imaging data, Raman spectroscopic data, and the com-
bined data reflect differences between the fibrosis and HCC
regions, the patient-to-patient variations complicate the task of
predicting the tissue regions in the test data. Thus, Table 2
clearly shows that the prediction efficiency for the MALDI data,
as well as for the combined analysis remained low with an
accuracy of 68.2% and 66.7%, respectively. This can be related
to the large patient-to-patient variations, which are more pro-

nounced in the MALDI imaging data, than in the Raman
spectra. The variations may be more prominent in MALDI IMS
due to the technical difficulties in the slide-to-slide reproduci-
bility of the technique and sample preparation variations.
Nevertheless, the prediction of the tissue type by using the
LDA model for the Raman data showed promising results with
an accuracy of 84.4% with only 2–3 misclassified patients
(Table 2A).

The LDA model loadings (Fig. 4A and B) for both MALDI
imaging data and Raman spectroscopic data reveal significant
differences between the fibrosis and HCC regions. Therefore,
the peaks highlighted by the LDA scaling vectors for the
MALDI data were assigned and grouped into classes of GP and
the peaks of the LDA scaling vectors for the Raman data were
grouped according to the compounds that can be found in the
tissue. This was performed based on ref. 5, 6, 12 and 20–22.

The positive and negative peaks of the LDA scaling vectors
are related to the HCC and fibrosis regions, respectively.
Therefore, we summarized the positive and negative intensities
separately within each group. The results of this condensing
reflect the contribution of different types of substances and
classes of lipids and this is depicted in Fig. 4C and D. Moreover,
the exact band identification of the Raman spectra was based on
four references and the band assignment can be seen in
Table S1.† In addition, the identification of lipid types based on
the MALDI m/z values is presented in Table S2 in the ESI.† In
summary, the MALDI data allowed us to detect high expression
profiles of GP01, GP03, GP06, GP10 and especially GP04 in HCC
and high expression profiles of GP01, GP02 and especially GP06
in the fibrotic tissue. Lastly, GP03, GP04 and GP10 were specifi-
cally expressed only in HCC and GP02 was expressed in fibrosis.
The loadings for the LDA model for the combined imputed
Raman and MALDI data can be found in Fig. 4.

In conclusion, Raman spectroscopy alone and in combi-
nation with MALDI has high potential for the prediction of
HCC within fibrotic liver tissues. Here, Raman imaging can

Fig. 3 ROC curves for the LDA analysis (A) for two patients, and box plots (B) describing the results for the area under the ROC curves (AUC) of the
classification model. The ROC curves illustrate the discrimination performance of the LDA scores obtained by leave-one-batch-out cross-validation.
After constructing ROC curves for every patient, the results were summarized into a box plot (B). For easier interpretation, the AUC values for every
patient are also depicted on the plot and the patient IDs of the outliers are shown.

Table 2 Confusion table of LDA classification models for the prediction
of HCC and fibrosis using (A) Raman spectroscopic data, (B) MALDI
spectrometric data and (C) the combined imputed data. The table also
includes the metrics of the model performance: accuracy (Acc), sensi-
tivity (Sens) and specificity (Spec) estimated by LOBCV

A
Raman data
LBOCV

Prediction

Acc Sens SpecFibrosis HCC

True Fibrosis 15 2 84.4% 88.2% 80.0%
HCC 3 12 80.0% 88.2%

B
MALDI data
LBOCV

Prediction

Acc Sens SpecFibrosis HCC

True Fibrosis 15 6 68.2% 71.4% 65.2%
HCC 8 15 65.2% 71.4%

C
Combined data
LBOCV

Prediction

Acc Sens SpecFibrosis HCC

True Fibrosis 17 8 66.7% 68.0% 65.5%
HCC 10 19 65.5% 68.0%
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predict HCC with an accuracy of 84% and MALDI IMS with an
accuracy of 68%. The combination of both unfortunately did
not improve the prediction accuracy which was 67%, a really
low value. Moreover, Raman imaging detected significant vari-
ations in the expression of lipids, proteins and collagen. In
addition, MALDI IMS could highlight variations in the
expression of GP which will be discussed later.

A combination of Raman imaging and MALDI IMS for the
classification of the HCC differentiation grades

For all experiments, the annotations for each patient sample
were generated by an experienced pathologist and are provided
in Table 1. First, the spectral differences for each of the three
grades were analyzed. Fig. 5 shows the average spectra of well-,
moderately- and poorly differentiated HCC and their standard
deviations for Raman and MALDI imaging. In the same figure
the difference spectra of the three grades are shown. The
largest variations in the Raman spectra were identified
between well- and moderately-differentiated HCC as they can
be seen in Fig. 5A and C. The main differences in the moderate
grades were found in the lipid associated peaks at 776, 1304,
1436, 1446, 1716, 2817, and 2850 cm−1 and the protein based

bands at 753, 850, 873, 1002, 1008, 1104, 1155, 1209, 1230,
1552, 1586, 1676 and 2928 cm−1. Interestingly collagen was
seen only in the Raman spectra of the moderate differentiation
grade at 859, 1035, 1246, 1280, 1335, and 1635 cm−1. In the
MALDI data significant variations in the lipid expression were
found in two classes: phospholipids, especially glyceropho-
spholipids (GP) at 200–400 m/z and fatty acyls (FA) (e.g. sub-
class of fatty acids) at 700–850 m/z. These m/z regions were
further analyzed and a visualization of the MALDI spectra can
be seen in Fig. 5B and D. The band annotations for the Raman
and MALDI spectra can be found in Tables S3 and S4 in the
ESI,† respectively.

As there were low number of poor differentiation grade
patient samples, we focused on whether we could predict well-
and moderately-differentiated HCC by both measurement
techniques. This is in-line with the major interest in the histo-
pathology of HCC. For a statistically significant comparison of
Raman spectroscopy and MALDI spectrometry for HCC differ-
entiation, we used a linear regression model. PCA was used for
data dimensionality reduction prior to regression. The
response values for the moderately-differentiated HCC
samples were set negative whereas the values for the well-

Fig. 4 (A) Spectral information of the LDA model showing the most important bands for classification between the HCC and fibrotic regions using
the combined Raman and MALDI data. (B) Identification of the detected bands within different classes of glycerophospholipids (GP) in the MALDI
data and various cell components in the Raman data.
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differentiated samples were set positive. Thus, to maintain the
unit difference, the values of −1/2 and +1/2 were set, respect-
ively. Moreover, the sign of the predicted value was used to
predict if the tissue region belongs to the moderately- or well-
differentiated HCC region. Table 3 shows the LBOCV predic-
tion of HCC differentiation based on the MALDI data. We
found a high sensitivity and specificity resulting in an accuracy
of 90%. This is especially astonishing, because the number of
patients in each group was quite low. This result supports our
concept of the importance of the lipid types for the develop-
ment of HCC in the human liver.

Another representation of the regression results is shown in
the form of a boxplot showing the predicted values obtained
by LBOCV (Fig. 6A). In contrast to Table 3, the figure shows
that even though one of the well-differentiated HCC samples is
predicted to be moderate, its prediction is located near the
threshold and it is clearly separated from the moderately-
differentiated samples. To analyze the model we assigned the
MALDI peaks related to the model coefficients and grouped
them to the classes FA and GP based on the reference database
LIPID MAPS22 (Fig. 6B). Then, the positive and negative coeffi-
cients were summarized within each class and visualized in a

barplot (Fig. 6C). One of the most interesting findings was that
significant differences in the lipid expression in moderately-
and well-differentiated HCC were found by MALDI IMS.
Moderately differentiated HCC showed only the expression of
FA, especially FA01 and FA08. In well-differentiated HCC lower
amounts of FA and mostly GP01, GP03, GP04 and GP15 were
found to be significant for the classification model. The identi-
fied lipid classes are listed in Table S3 in the ESI.† These
results show the high potential of MALDI IMS for lipid marker
identification for early (well-differentiated) HCC diagnosis.

Fig. 5 Raman spectra (A) and MALDI spectra (B) of the three differentiation grades of liver cancer. The average spectra and their standard deviations
are shown for well-, moderately- and poorly-differentiated HCC. Difference spectra between the spectra of the different grades are calculated for
both measurement methods and they are shown in (C) and (D).

Table 3 Confusion table of the identification of well- and moderately-
differentiated HCC based on the MALDI data. The prediction was per-
formed by leave-one-batch-out cross-validation of the linear regression
model. The table includes the metrics of the model performance: accu-
racy (Acc), sensitivity (Sens) and specificity (Spec)

MALDI data
LBOCV

Prediction

Acc Sens SpecModerate Well

True Moderate 4 0 89.9% 100% 80.0%
Well 1 4 80.0% 100%
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The roles of GP and FA in HCC have already been investigated
by other groups and will be described later in the Discussion
section.12,13,24–29

Although the prediction of HCC differentiation using a
linear regression model based on the Raman spectroscopic
data (Table 4) is less promising than that based on the MALDI
data, the model shows a trend for HCC differentiation
(Fig. 7A). Therefore, the investigation of the model coefficients
was performed similar to those shown in Fig. 4 and 6. The
labeled coefficients and the summarized results are depicted
in Fig. 7B and C. The following components were detected in
HCC: proteins, lipids, collagen, DNA and polysaccharides.
Moderately-differentiated HCC had higher protein content
than well-differentiated liver cancer and collagen was seen
only in this tumor grade. In contrast, lipids were highly
expressed in well-differentiated HCC, but lower amounts of
polysaccharides and DNA could be seen in this tissue. The
annotation of the Raman bands can be found in Table S4 in
the ESI.† Based on the second study, MALDI IMS showed a
higher prediction potential (accuracy of 90%) for the detection

of HCC differentiation at early stages based on the GP and FA
lipid profiles. Moreover, significant changes in the molecular
composition of proteins, lipids and collagen in HCC during
carcinogenesis can be detected by Raman spectroscopy with a
prediction accuracy of 63%. Unfortunately, for this task the
combination of the two methods was not possible from the
analytical point of view due to the low number of samples per
group.

Fig. 6 MALDI spectrometric identification of HCC differentiation. (A) The box plot shows the distribution of the predicted values of the linear
model. (B) Loadings show the scores of the model in relation to MALDI spectral information. Moreover, the most important bands for differentiation
between moderately- and well-differentiated HCC are assigned to two groups: fatty acyls (FA) and glycerophospholipids (GP). For easier interpret-
ation, the scores were combined with different classes of GP and FA and summarized as a barplot (С). To obtain this barplot the positive and negative
scores were summarized separately.

Table 4 Confusion table of the linear model for differentiating
between moderately- and well-differentiated HCC based on the Raman
data, which was estimated by LBOCV. The table includes the metrics of
the model performance: accuracy (Acc), sensitivity (Sens) and specificity
(Spec)

Raman data
LBOCV

Prediction

Acc Sens SpecModerate Well

True Moderate 3 1 62.5% 75.0% 50.0%
Well 2 2 50.0% 75.0%
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Discussion and conclusion

The purpose of this study was to compare two molecular
imaging methods (Raman imaging and MALDI IMS) with high
potential for the diagnosis of HCC in order to improve the
diagnosis of liver cancer. As we can see in Tables 2 and 3, the
combination of these two techniques was not the best to com-
plete this task. However, we found optimal application scen-
arios for each technique. Raman spectroscopy can predict liver
cancer against non-cancerous tissue with an accuracy of 84%
(a sensitivity of 88% and a specificity of 80%) and MALDI IMS
is good at predicting moderately- and well-differentiated HCC
with an accuracy of 90% (a sensitivity of 100% and a specificity
of 80%).

Moreover a precise analysis of lipidomic changes taking
place during cancer development in the human liver was per-
formed based on the Raman and MALDI imaging data. In the
first part of our study, we were able to show that Raman spec-
troscopy provides complex molecular information about lipids,
proteins, polysaccharides, glycogen, glucose, DNA, collagen
and others. This information could be used to investigate the
difference between the tumor and the surrounding tissue. In

addition, the investigation of the differentiation grades of HCC
by Raman imaging provided important information about the
molecular composition of the samples, but the Raman based
classifier showed a low performance. Furthermore, lipids and
proteins were detected in the HCC tissue and collagen, glyco-
gen, proteins and lipids were detected in the fibrotic tissue.
Lipid markers such as GP03, GP10 and especially GP04 were
found in HCC, GP02 in fibrosis and GP01 and GP06 in both
tissue regions by MALDI IMS. In the second part of our study,
Raman imaging allowed the detection of a decrease in protein
and collagen and in parallel an increase in lipids when HCC
evolved from the well- to moderate-differentiation grade. At the
same time MALDI IMS showed the same behavior as well-
differentiated HCC had high expression of lipids in compari-
son with that of moderately-differentiated HCC. The most
interesting results in the application of MALDI IMS were
found for lipidomics of the HCC differentiation grades. Here,
particular GPs (GP01, GP02, GP03, GP04, GP06, GP10 and
GP15) were highly significant for the classification model of
well-differentiated HCC and not for the moderate grade. In
addition, significantly higher expressions of FA01 and FA08
were identified in moderately differentiated HCC.

Fig. 7 Raman spectroscopic identification of HCC differentiation. (A) The boxplot shows the LBOCV results of the linear fit. (B) The regression load-
ings highlight the Raman bands important for the model. The loadings were summarized according to the band assignment and visualized in the
form of a barplot (C).
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The results are in-line with the current state of research on
fatty acids (subclass of class FA) and GP expression during HCC
development in the human liver.1,11,23,30 The role of fatty acids
in HCC as important molecules for providing energy and
metabolites for other anabolic pathways in hepatocytes has
been under investigation for a long time.1 Alterations in the
fatty acid translocase protein CD36 expression were also linked
to the increased uptake of fatty acids by obese patients with
HCC.30 Moreover, Nath et al. demonstrated that the increased
fatty acids are crucial to the activation of the pro-inflammatory
pathways or lipotoxicity in HCC.1 Besides this, fatty acid elonga-
tion in the livers of patients with non-alcoholic steatohepatitis
and HCC was found to occur. The role of glycerophospholipid
as a structural component in biological membranes and its
effects on signaling and transport molecules were studied inten-
sively as well. Lin et al. identified a correlation between the
decreased palmitic acyl (C16:0)-containing glycerophospholi-
pids and HCC metastasis. Furthermore, several other lipid types
were studied in the liver cancer tissue as markers of HCC. For
example, Patterson et al. showed that the levels of glycodeoxy-
cholate, deoxycholate 3-sulfate, biliverdin and fetal bile acids
increased and lysophosphocholines, lignoceric acid and nervo-
nic acid decreased in the plasma of HCC patients.

One major challenge in our study is the precise identifi-
cation of lipids found by MALDI IMS and Raman spectroscopic
imaging in HCC tissues. We were able to assign each band
that played a significant role in the classification of HCC and
fibrosis as well as moderately- and well-differentiated
HCC.5,6,12,20–22 Subsequent literature research allowed us to
confirm our findings based on the MALDI IMS bands from
already published articles about the main classes of lipids
specifically expressed in HCC.12,13 Passos-Castilho et al.
showed the role of sterols (ST01), Glycerophosphocholines
(GP01), Glycerophosphates (GP10), fatty acids and
conjugates (FA01), Glycerophosphoserines (GP03) and
Glycerophosphoinositols (GP06) in hepatitis C infected HCC.
These data are in accordance with our results, as the following
lipid classes were found by MALDI IMS: GP01 at 784 m/z found
in the HCC tissue and 764, 784, 788, 812 and 828 m/z found in
well-differentiated HCC; GP10 at 783 m/z in HCC and 761 and
783 m/z in well-differentiated HCC; FA01 at 212, 222, 234, 250,
266, and 299 m/z in moderately-differentiated HCC and 229 m/z
in well-differentiated HCC; GP03 at 800 m/z in HCC and 760,
762, 800, 802, and 830 m/z in well-differentiated HCC; and GP06
at 789, 791, and 801 m/z in HCC and 789, 801, and 827 m/z in
well-differentiated HCC. Furthermore, Thomas et al. found the
band at 790 m/z in the normal liver tissue and in our study it
was found in the fibrotic tissue surrounding HCC.27 The abnor-
mal distribution of phospholipids such as sphingomyelin (16:0)
was previously reported, but was not seen in our data because
this complex lipid belongs to the class phosphosphingolipids
(SP03) and it can be seen in the range from 1000 to 2000 m/z.26

Data on the investigation of HCC by Raman imaging are more
limited, but our data showed the expected correlation with the
composition of HCC tissue and adjacent tissue (fibrosis). In the
cancer regions we expected proteins and lipids to be the main

liver cell components. At the same time the fibrotic regions
mostly consist of collagens and proteins (glycoproteins and pro-
teoglycans).31 Furthermore, lipids in hepatic stellate cells in the
fibrotic tissue, as well as glucose (glycogen) and polysaccharides
as storage components can be seen in the liver. In our previous
article we were able to detect higher expression of unsaturated
fatty acids in the HCC cells by Raman imaging5 and we were
able to find 4 main chemical components by using the
N-FINDR algorithm: protein, collagen, triglycerides and chole-
sterol ester. Moreover, we were able to show the selective
expression of triglycerides, as a major form of storage and trans-
port of fatty acids in 5 of 23 patients’ HCC samples.6,32 In the
second part of our study, during which the HCC grades were
investigated, we were able to correlate the findings of high
expression of collagen in moderately-differentiated HCC in com-
parison with that in well-differentiated HCC (Fig. 7C) with the
results of the second harmonic generation analysis of the HCC
grades published by Lin et al. in 2018.33

In conclusion, our study has demonstrated the potential of
Raman spectroscopy and MALDI IMS for liver cancer classifi-
cation in specific applications. Raman spectroscopy is a fast,
label-free and non-destructive technique that can differentiate
cancer from non-cancerous tissues. Although this is a trivial
task for in vitro investigations in clinical routine, Raman spec-
troscopy can potentially be implemented in vivo34 to define the
regions of interest for biopsy.

In addition, MALDI IMS can predict the differentiation
grade of HCC based on the lipid expression with high accu-
racy. Moreover, significant lipid changes, especially in GP and
FA (class of subclass fatty acids), were found in the liver car-
cinogenesis and in the differentiation of HCC from early well-
differentiated HCC to moderately-differentiated HCC. The
knowledge of these processes during HCC development is
limited, and therefore further investigation into this research
area is of high importance for diagnostics and therapy. Here,
we were able to highlight the potential of Raman spectroscopic
imaging not only for the classification and prediction of HCC
tumor (a sensitivity of 88% and a specificity of 80) but also as
a novel technique for studying the molecular composition of
HCC and HCC differentiation grades. Furthermore, we showed
that MALDI IMS exhibits high predictive performance for the
classification of early and progressed HCC with a sensitivity of
100% and a specificity of 80%. The two investigated tech-
niques demonstrated their potential for application in two
different levels of tumor diagnosis: HCC detection and cancer
grade identification. It could be possibly applied as a 2-step
diagnostic process based on Raman and subsequent MALDI
IMS investigation in order to obtain precise results.

Moreover, new lipid markers: GP03, GP10 and especially
GP04 for HCC; GP02 for fibrosis; GP01, GP02, GP03, GP04,
GP06, GP10 and GP15 for well-differentiated HCC and FA01
and FA08 for moderately-differentiated HCC were identified by
MALDI IMS. Both techniques have potential for cancer predic-
tion and lipidomics studies of HCC. Particularly, the in vivo
application of Raman spectroscopy and the direct identifi-
cation of biomarkers by MALDI IMS are optimal application
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scenarios. Nevertheless, their advantages and disadvantages in
clinical diagnostics need to be recognized and are summarized
in Table 5.
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