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Abstract
Over the last decade, a rapid rise in deaths due to liver disease has been observed especially amongst young people. Nowadays
liver disease accounts for approximately 2 million deaths per year worldwide: 1 million due to complications of cirrhosis and 1
million due to viral hepatitis and hepatocellular carcinoma. Besides primary liver malignancies, almost all solid tumours are
capable to spread metastases to the liver, in particular, gastrointestinal cancers, breast and genitourinary cancers, lung cancer,
melanomas and sarcomas. A big portion of liver malignancies undergo palliative care. To this end, the paradigm of the palliative
care in the liver cancer management is evolving from “just end of the life” care to careful evaluation of all aspects relevant for the
survivorship. In the presented study, an evidence-based approach has been taken to target molecular pathways and subcellular
components for modelling most optimal conditions with the longest survival rates for patients diagnosed with advanced liver
malignancies who underwent palliative treatments. We developed an unsupervised machine learning (UML) approach to ro-
bustly identify patient subgroups based on estimated survival curves for each individual patient and each individual potential
biomarker. UML using consensus hierarchical clustering of biomarker derived risk profiles resulted into 3 stable patient sub-
groups. There were no significant differences in age, gender, therapy, diagnosis or comorbidities across clusters. Survival times
across clusters differed significantly. Furthermore, several of the biomarkers demonstrated highly significant pairwise differences
between clusters after correction for multiple testing, namely, “comet assay” patterns of classes I, III, IV and expression rates of
calgranulin A (S100), SOD2 and profilin—all measured ex vivo in circulating leucocytes. Considering worst, intermediate and
best survival curves with regard to identified clusters and corresponding patterns of parameters measured, clear differences were
found for “comet assay” and S100 expression patterns. In conclusion, multi-faceted cancer control within the palliative care of
liver malignancies is crucial for improved disease outcomes including individualised patient profiling, predictive models and
implementation of corresponding cost-effective risks mitigating measures detailed in the paper. The “proof-of-principle” model
is presented.
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Introduction

Multi-factorial liver disease—healthcare and eco-
nomic burden

Detoxification function by the liver is central for all physio-
logical processes in humans. Chronic liver pathologies are
life-threatening conditions with a highly heterogeneous clini-
cal picture and large spectrum of potential consequences.
Viral infections, fat liver, liver cirrhosis and primary liver
malignancies altogether create a considerable subpopulation
of chronically diseased people. A reciprocal relationship be-
tween infection disorders and liver pathologies has been dem-
onstrated as follows: Hepatitis B and C is the frequent cause of
inflammatory liver diseases on one hand, and on the other
hand, liver dysfunction-related biomarkers may indicate, for
example, poor outcomes for Covid-19 infected individuals
due to a reactivation of the liver disease [1]. Furthermore, a
reciprocal interrelation between liver diseases and infection by
Covid-19 is proposed by several research groups as an sever-
ity level of both; hypoxia-, inflammation- and detoxification-
related local and systemic impairments are involved in the
pathogenesis [2–5].

Since 2009, a rapid rise in deaths due to liver diseases has
been recorded in the USA especially amongst young people.
Deaths due to cirrhosis increased by 65% and deaths due to
liver cancer doubled in years 1999 to 2016 [6]. This trend
carries a global character. For example, for South Korea, lung
and liver cancers are predicted to be the most common malig-
nancies which people will die from 2020 onwards [7].

Nowadays, liver disease accounts for approximately 2 mil-
lion deaths per year worldwide: 1 million due to complications
of cirrhosis and 1 million due to viral hepatitis and hepatocel-
lular carcinoma [8]. The corresponding economic burden im-
posed on societies is enormous: Just non-alcoholic fatty liver
disease alone affects roughly 100 million Americans and costs
the United States healthcare system $32 billion annually [9].

Worldwide, more than half a million new cases of hepato-
cellular carcinoma (HCC) are diagnosed annually. Disease
prognosis remains poor, with a 5-year survival rate across all
disease stages estimated between 10% and 20%, and 3% for
those diagnosed with distant disease [10]. The economic and
healthcare burden of HCC is substantial. Patients need more
effective therapeutic modalities prolonging survival and in-
creasing the quality of life (QOL). Healthcare payers need to
balance the cost-efficacy and QOL implication. To this end,

additional research is needed to gain understanding of all as-
pects related to HCC management [10].

Almost all solid tumours are capable to spread
metastases to the liver

Besides primary liver malignancies, almost all solid tumours
are capable to spread metastases to the liver, in particular
gastrointestinal cancers, breast and genitourinary cancers,
lung cancer, melanomas and sarcomas [11]. Therefore, the
local liver-specific architecture as well as systemic effects
such as ischemic-hypoxic niches and chronic inflammation
characteristic even for young individuals with disturbed mi-
crocirculation (e.g. Flammer syndrome phenotype, amongst
others) may play a crucial role in creating a “fertile” microen-
vironment which is highly supportive for metastatic spread to
the liver [12, 13]. In turn, the properties of this microenviron-
ment strongly depend on specific features of local and system-
ic molecular alterations which could be particularly opportune
for primary and secondary tumour progression such as mito-
chondrial dysfunction, low energy supply, “Warburg” effect
and chronic inflammation, amongst others [14].

As reported recently [15], systemic molecular set-up de-
tected by the liquid biopsy approach might be highly indica-
tive for individual outcomes under the palliative treatment of
liver malignancies.

Multiparametric set-up to model predictive and
prognostic approach under the palliative treatment of
liver malignancies

As detailed above, several million people currently suffer
from primary and secondary liver malignancies—many of
them undergo a palliative treatment due to the advanced stage
of the disease. In order to improve individual outcomes as well
as the cost-efficacy of the medical care, as precise as possible,
stratification of patients is needed. Liquid biopsy is a promis-
ing approach to evaluate systemic effects and to provide com-
prehensive information for multiparametric analysis [16].
Furthermore, specific multi-omic patterns have been demon-
strated to play a crucial role in cancer research and clinically
relevant outcomes [17, 18]. For complex clinical situations,
multiparametric disease modelling is essential tomaximise the
predictive power of diagnostic tools as demonstrated for
multi-factorial diseases such as premenopausal breast cancer
with high metastatic potential [19, 20].

506 EPMA Journal (2020) 11:505–515



Working hypothesis

An evidence-based approach has been taken to target molecular
pathways and subcellular components for modelling most op-
timal conditions with the longest survival rates for patients di-
agnosed with advanced liver malignancies who underwent pal-
liative treatments. The following multitude diagnostic levels
and pathways have been considered for the current study:

– Comprehensive patients’ data including the type of liver
malignancy, treatment (SIRT versus TACE) and survival
period of time after the treatment

– Systemic effects reflected in subcellular and molecular
patterns of circulating leucocytes and blood serum

– Health status of leucocytes by “comet assay” imaging
– Expression patterns of SOD-2 and catalase—key-en-

zymes of the detoxification pathway
– Expression patterns of thioredoxin—the natural scaven-

ger essential for any living organism
– Activities of metalloproteinases 2 and 9—key enzymes in

tissue remodelling
– Expression patterns of calgranulin A (S100), GTPase

Rho A and profilin 1—the tumour progression relevant
proteins

To verify this hypothesis,UnsupervisedMachine Learning
approach has been applied.

Materials and methods

Recruitment of patients with primary hepatocellular
carcinoma (HCC) and secondary hepatic metastases

This study was designed as a “pilot study” for the identi-
fication of a multi-level biomarker screening panel for
patients with primary and metastatic liver malignancies
who would be undergoing selective internal radiation
therapy (SIRT) or transarterial chemoembolisation
(TACE). Therefore, a wide range of malignancies of dif-
ferent types were incorporated in the study. The blood
tests for the screening panels were performed prior to
SIRT or TACE.

In total, 108 patients were considered for the study.

Inclusion criteria

– Primary hepatocellular carcinoma (38 patients)
– Metastases to the liver (70 patients)
– Treatment by SIRT (86 patients)
– Treatment by TACE (22 patients)

Exclusion criteria

– Pregnancy
– Acute infections (but not chronic hepatitis)
– Alcohol abuse
– Geneticdisordersanddisorderswithprematureageing(Down

Syndrome,Werner Syndrome,Alzheimer’s disease, others)

All the patients were informed about the purposes of the
study and consequently have signed their “consent of the pa-
tient”. All investigations conformed to the principles outlined
in the Declaration of Helsinki and were performed with per-
mission by the responsible Ethics Committee of the Medical
Faculty, Rheinische Friedrich-Wilhelms-Universität Bonn.
Corresponding reference number is 283/10.

Liquid biopsy: Blood samples collection, biobanking
and biopreservation

Blood samples (20 ml) anti-coagulated with heparin were col-
lected from the patients prior to any treatment application.

Biobanking Both peripheral leukocytes and blood serum were
separated and stored for all follow-up analyses.

Peripheral leukocytes were isolated using Ficoll-histopaque
gradients (Histopaque 1077, Sigma, USA) as described else-
where [21]. Briefly, blood samples were diluted with equal vol-
umes of physiological buffer solution (PBS, Biochrom AG,
Germany). Then, 2 ml of histopaque were placed into 10-ml
sterile centrifuge tubes and 5 ml of diluted blood samples were
carefully layered onto each histopaque gradient. Gradients were
centrifuged at 475 g and 20 °C for 15 min. The leukocytes bands
were removed from the interface between the plasma and
histopaque layers of each tube and collected into one 50-ml tube.
The total volume was brought to 50 ml with cold Dulbecco’s
Modified Eagle Medium (DMEM, Gibco, USA). The cell sus-
pension was washed three times with PBS and the total number
of cells was determined.

Bloodserum(500μl)wasseparatedbycentrifugationfromeach
bloodsamplesnot later thanwithin1hafter individualblooddraw.

Biopreservation Blood serum was frozen and stored at − 80 °C
directly after each individual blood sample centrifugation.
Separated peripheral leukocytes were finally re-suspended in
PBS-DMSO solution, aliquoted into Eppendorf tubes and
stored at − 80 °C until molecular profiling has been performed.

Multi-omic analysis

Protein expression analysis by Western blotting

All analyses were performed two times for each sample
utilising the standardised procedure described elsewhere
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[22]. Primary antibody incubation was performed at room
temperature using a 1:200 dilution of the specific antibodies to

– Human calgranulin A, a goat polyclonal antibody (C-19)
raised against a peptide mapping at the C-terminus of
calgranulin A of human origin, sc-8112, Santa Cruz,
USA

– Human catalase, a goat polyclonal antibody (S-20) raised
against a peptide mapping an internal region of catalase of
human origin, sc-34282, Santa Cruz, USA)

– Human profilin 1, a goat polyclonal antibody (C-15)
raised against a peptide mapping at the C-terminus of
profilin 1 of human origin, sc-30522, Santa Cruz, USA

– Human RhoA, a mouse monoclonal antibody (26C4)
raised against an epitope corresponding to amino acids
120–150 of RhoA of human origin, sc-418, Santa Cruz,
USA

– Human superoxide-dismutase (SOD-2), a goat polyclonal
antibody (N-20) raised against a peptide mapping near the
N-terminus of SOD-2 of human origin, sc-18503, Santa
Cruz, USA

– Human thioredoxin (Trx), a mouse monoclonal antibody
(D-4) specific for an epitope mapping between amino
acids 1–34 at the N-terminus of Trx of human origin,
sc-271281, Santa Cruz, USA.

– The house-keeping protein—human actin, a goat poly-
clonal IgG (I-19), epitope mapping at the C-terminus of
actin of human origin, recommended for detection of a
broad range of actin isoforms of human origin, sc-1616,
Santa Cruz, USA.

The protein-specific signals were measured densitometrically
using the Quantity One® imaging system (Bio-Rad, USA).

Analysis of metalloproteinase activity by zymography

For determination of gelatinase activity of MMP-2 andMMP-
9 in blood serum “Ready-Gelatin-Gels” (Bio-Rad, USA) were
used according to the instructions of the manufacturer and as
published earlier [22]. Two microliters from individual serum
samples were electrophoresed under non-reducing conditions
using Criterion™ Precast Gel System (Bio-Rad, USA). After
electrophoresis, each gel was incubated at room temperature
in 2% Triton X-100 for 2 × 30 min in order to remove the
traces of sodium dodecyl sulphate, and then incubated over-
night at 37 °C in buffer (150-mM NaCl, 50-mM Tris-HCl,
pH 7.6, containing 5-mM CaCl2 and 0.02% NaN3).
Afterwards a staining with 0.5% Coomassie blue G-250
(Sigma, USA) was performed for each gel. The proteolytic
activity of each gelatinase (A and B) was identified as a clear
band on a blue background according to the correspondent
molecular weight of each gelatinase (A and B that corresponds
to the metallproteinase-2 and -9, respectively). Gels were

dried between cellophane sheets with a GelAir™ drying sys-
tem (Bio-Rad, USA) and then scanned with a yellow filter
using Adobe Photoshop (Adobe System, USA) in grey-scale
mode. Densitometric analysis of zymographic lysis zones at
66 and 86 kDa for gelatinases A and B, respectively, was
performed using Quantity One imaging system (Bio-Rad,
USA).

Subcellular imaging: “comet assay” analysis of DNA
fragmentation

In order to evaluate DNA quality (DNA damage)‚ the subcel-
lular imaging by “comet assay” (Trevigen, Inc., Cat. No.
4250-050-K, USA) analysis has been used. ™The single cell
gel electrophoresis assay is based upon the ability of DNA
fragments to migrate out of the peripheral leukocytes in the
electric field applied, whereas undamaged chromosomal
DNA does not migrate into the agarose gel. DNA fragmenta-
tion assessment has been performed by evaluation of the DNA
“comet” tail shape and specific migration patterns. Peripheral
leukocytes have been immobilised in a bed of low melting
point agarose, on a Trevigen CometSlide™. The alkaline elec-
trophoresis is very sensitive and detects small amounts of
damage. Therefore, after cell lysis, samples have been treated
with alkali to denature the DNA and hydrolyse sites of dam-
age. After electrophoretic separation, staining with a fluores-
cent DNA intercalating dye (SYBR® Green I) has been per-
formed. The shape of individual “comets” has been visualised
by epifluorescence microscopy. The evaluation system devel-
oped by the authors and published earlier [15] has been ap-
plied for the qualification and quantification of the DNA frag-
mentation/damage.

Unsupervised machine learning (UML)

A Cox regression model was fitted independently for each
biomarker while correcting for the confounders age, gender,
therapy and primary tumour. An interaction effect of biomark-
er with therapy and primary tumour was included. A step-wise
regression was used for model selection via the Akaike
Information Criterion. The Cox proportional hazard assump-
tion was tested in every case [23] and was never rejected. The
entire analysis was carried out via R-package “survival”.

In a second step, linear predictors of each Cox model were
concatenated for every patient, resulting into an individual’s
risk profile. Consensus hierarchical clustering (R-package
“ConsensusClusterPlus”) was applied with 100 repeats for
k = 2, 3, 4, 5 clusters (see Fig. 1). The optimal number of
clusters was identified via the delta area under curve method
[24]. The robustness of the clustering was checked via the
consensus matrix.

The association of clusters with the confounders gender,
therapy, disease and comorbidities was tested via a χ2-test.
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Differences of age across clusters were tested via an ANOVA
F-test.

Pairwise differences of biomarkers between clusters were
assessed via Wilcoxon’s rank test. P values were corrected for
multiple testing via the Benjamini-Hochberg method [25].

Results

We developed an unsupervised machine learning (UML) ap-
proach to robustly identify patient subgroups based on esti-
mated survival curves for each individual patient and each
individual potential biomarker. Since we investigated a panel
of candidate biomarkers, each patient was effectively repre-
sented by a risk profile, and this risk profile was statistically
corrected for confounding factors such as age, gender, therapy
and primary tumour. In a second step, we then clustered

patients based on their corrected risk profiles. This was done
via consensus hierarchical clustering [24], which relies on
repeatedly resampling and re-clustering patients to ensure a
robust and stable grouping. Patient subgroups were subse-
quently once more investigated for confounders and for dif-
ferences in each of the tested biomarkers.

The consensus clustering method involves subsampling
from a subgroup of patients and determines clustering of spec-
ified number of clusters (k) (Fig. 1). Consensus hierarchical
clustering of biomarker-derived risk profiles resulted into
3 stable patient subgroups (Figs. 1, 2, and 3). There were
no significant differences in age, gender, therapy, diagno-
sis or comorbidities across clusters. Survival times across
clusters differed significantly (log-rank test, Fig. 3).
Furthermore, several of the biomarkers demonstrated high-
ly significant pairwise differences between clusters after
correction for multiple testing (Fig. 4), namely, “comet

Fig. 1 Heatmaps of consensusmatrices for k = 2,3,4,5; rows and columns
of consensus matrices correspond to individual patients involved into the
study; consensus values range from 0 (white = not clustered together) to 1

(dark blue = always clustered together); hierarchical clustering of
consensus matrices is depicted as dendrogram
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assay” classes I, III and IV; calgranulin A; SOD2; and
profilin. Hence, these markers can be viewed as promising
candidates for predicting differences in the prognostic out-
come of patients. As next steps we thus recommend a
further retrospective validation in another study and finally
a prospective clinical trial to confirm the prognostic value
of our candidate biomarker signature. Provided that such a
validation is positive, the development of a diagnostic test
for clinical routine should be considered. This diagnostic
test would have to be approved by regulatory agencies,
such as the EMA in Europe and the FDA in the USA. In

that context, one has to judge the costs of the test in com-
parison with the actual added value for the patient.

Data interpretation, conclusions and expert
recommendations in the context of 3P medicine

The principle conclusion

In our model, the multiparametric profiles demonstrate a high-
ly significant (P = 3e-04) difference between the gradients
characteristic for worst (Kaplan-Meier curve 1, Fig. 3) and
intermediate (Kaplan-Meier curve 2, Fig. 3) versus the best
(Kaplan-Meier curve 3, Fig. 3) survivals within 5 years of
observations after corresponding treatments. Thereby, a par-
ticularly strong difference between the survival profiles was
demonstrated for the first 30 months after treatments (Fig. 3).
Therefore, the principle conclusion made was that parameters
chosen for the analysis are highly relevant for predicting sur-
vivals under the study conditions.

Critical evaluation of contributing parameters in the model

From altogether 11molecular and subcellular parameters used
for the study, six parameters demonstrated significant differ-
ences in corresponding values, when the worst and best sur-
vival curves are compared (Fig. 4), namely:

– “Comet assay” patterns of class I, III and IV
– Expression patterns of Calgranulin A (S100)
– Expression patterns of SOD-2
– Expression patterns of profilin

�Fig. 2 a Consensus Cumulative Distribution Function (CDF) of entries
in the consensus matrix; the y-axis is the cumulative distribution function,
whereas the x-axis is the consensus value in the consensus matrix. bDelta
area plot highlighting the change of the area under the CDF curve; the
strongest increase in this area can be observed for k = 3 clusters. c
Tracking plot showing the cluster assignment of patients indicated as
columns for different choice of number of clusters k (as rows); colours
indicate clusters; hatch marks below the plot indicate patients; thereby,
patients frequently changing colours within a column are indicative for
unstable cluster membership; herewith, no unstable membership can be
recognised in the presented plot. d Cluster consensus plot showing the
mean consensus value of patients assigned to a defined cluster; colours
are in agreement to the tracking plot; high values indicate high stability of
a given cluster; in contrast, low values indicate instability of a given
cluster: For k = 3, all clusters demonstrate high stability. e Item-
consensus plot showing the mean consensus of all patients within k = 3
clusters; consensus values are indicated by the heights of bar; they corre-
spond to the fraction of times that a dedicated patient shown on the x-axis
was assigned to a cluster indicated by its colour; the colouring scheme is
in agreement to the previous figures; asterisks on the top of each bar
indicate the consensus cluster for each patient; in summary, this plot
enables to recognise whether a patient is a “pure” member of a cluster
or whether it shares a high consensus to multiple other clusters (indicated
by multiple coloured bars of equal sizes); it can be observed, therefore,
that most of patients are “pure” members of one of the 3 clusters

Fig. 3 Kaplan-Meier curves
(overall survival) of patients
stratified into 3 clusters by
consensus clustering; small
vertical tick-marks indicate right
censored survival times of indi-
vidual patients; log-rank test was
used to estimate the P value
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Corresponding functions of the above-listed pathways rel-
evant for the tumour progression have been described else-
where. Therefore, a detailed discussion on the matter is turned
down with the reference to previous publications [15].

Considering worst, intermediate and best survival
curves (1, 2 and 3, respectively, in Fig. 3) with regard
to corresponding patterns of parameters measured (Fig.
4), the most convincing images are presented by “comet
assay” patterns of class I, III and IV and expression
patterns of S100. All four images in Fig. 4 demonstrate
clear gradients of corresponding parameter values for
the worst, intermediate and best survivals in the model.
With other words, these four parameters can be applied
as are for the clinical validation of the predictive diag-
nostic approach.

More complex is the situation when the remaining
five parameters (of altogether 11 parameters, see Fig.
4), are considered. In this context, we would like to
refer to our previously published article evaluating
GTPase Rho A and MMP-9 as potential biomarkers,
individually and in set, in breast cancer prediction.
This study has clearly demonstrated that only when both
biomarkers were applied in set, a detailed patient strat-
ification could be achieved [22, 26].

Study limitations and a strong potential for the model’s
improvement

Certainly, the main limitation of the study is a small num-
ber of patients with highly heterogeneous individual pa-
tient profiles such as original malignancy diagnosed, gen-
der and the therapeutic approach (SIRT versus TACE).
Figure 5 illustrates this deficit on the example of six pa-
tients who were diagnosed with HCC and underwent
TACE being included into the group of best survivors
presented as cluster 3 in Fig. 3. Altogether, these are 22
patients in cluster 3 diagnosed either with HCC (9 patients
who underwent either SIRT or TACE) or colorectal cancer
(9 patients who underwent SIRT) and breast cancer (4
patients who underwent SIRT). For six patients originally
diagnosed with HCC and underwent TACE, it can be eas-
ily recognised that, although their biomarker patterns fol-
low general trends demonstrated for cluster 3 in Fig. 4,
there is a group-specific difference such as

– Lower median value for MMP-9 activities
– Higher median values for “comet assay” classes III and

IV, S100, RhoA and thioredoxin

Fig. 4 Biomarker patterns recorded for stratified patient groups by the
consensus clusteringmethod (see Fig. 3 for corresponding survival rates);
all biomarker values were normalised between 0 and 1; pairwise differ-
ences of biomarkers between clusters were assessed via Wilcoxon’s rank

test with correction for multiple testing via the Benjamini-Hochberg
method; patterns demonstrating high values of “comet assay” class I
and low values of “comet assay” classes III and IV and
calgranulin expression correspond with best survival rates
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Consequently, more detailed patient stratification is
need in bigger patient groups including age, gender, de-
tailed description of collateral pathologies and treatments
applied. Further, clustering of biomarker sets is essential as
stated above on the example of GTPase Rho A and MMP-9
[22]. It is obvious that synergic and compensatory effects
may play a crucial role in the overall balance of systemic
effects and individual molecular pathways such as scaven-
ger activities (high level of thioredoxin expression), detox-
ification capacity (SOD-2 and Catalase interplay), immune
system capacity (intact leucocytes reflected in class I of the
“comet assay” patterns) and modulation of metastatic po-
tential, amongst others [12, 15, 20, 27].

What is this model good for? Expert
recommendations in the context of 3P medicine

Immune system

Patterns of circulating leucocytes are the most relevant bio-
markers in our model. Obviously survival rates are directly
dependent on the DNA quality demonstrated by “comet as-
says” in leucocytes: more healthy cells—higher survival
chances in all patient subgroups involved. This result is highly
relevant for disease monitoring, disease prognosis and

potential therapy modalities focused on the immune system
function.

Metastatic potential

Another highly relevant biomarker in our model is S100: Low
expression levels of S100 correlated with the best survival
rates. Noteworthy, in our model, S100 was measured in cir-
culating leucocytes that emphasises the systemic effects by
S100. S100 is known to be instrumental for cancer develop-
ment and progression. Contextually, it is highly recommended
to involve this biomarker into routine cancer-related predic-
tive diagnostics and disease monitoring.

Detoxification and scavenging activity

SOD-2 expression in circulating leucocytes was significantly in-
creased in patients with the best survival rates. SOD-2 function is
fundamental for detoxification pathways and scavenging activi-
ties in the human body. Therefore, it is highly recommended to
involve this biomarker into routine cancer-related predictive diag-
nostics and disease monitoring. Complementary information can
be received by measurements of thioredoxin levels (see Fig. 5)
known as a highly potent scavenger and redox-control-based reg-
ulator of central biological processes such as immune system

Fig. 5 Biomarker patterns recorded for the stratified group of six patients
belonging to the cluster 3 (altogether 22 patients) demonstrating the best
survival rates (see Fig. 3); these six patients were diagnosed with HCC and
underwent TACE; although biomarker patterns follow general trends

demonstrated in Fig. 4, the group-specific difference is evident, demonstrating
lower median value for MMP-9 activities and higher median values for
“comet assay” classes III and IV, S100, RhoA and thioredoxin compared
with these of non-stratified 108 patients involved in the study
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functioning, stress response, DNA synthesis de novo, regulation
of transcriptome, and restoration of protein redox status with cor-
responding activities, amongst others. Overall scavenging activi-
ties in cancer management is an attractive topic to be consulted
with dietologists based on individualised patient profiling to rec-
ommend appropriate nutrients and dietary supplements. In partic-
ular, patient-adapted levels of scavenger activities should be taken
into consideration due to their genoprotective effects. However,
particularly in palliative care, the quantity and quality of the
genoprotective and scavenging dietary supplement should be
carefullyconsidereddistinguishingbetweentheneedsoffunction-
al tissue such as immune system on one hand and biological pro-
cess specific for progressing metastatic disease on the other hand
[14, 28]. To this end, cytotoxic effects suppressing specifically
circulating tumour cells andmetastatic disease have been demon-
strated for some herbs and their constituent phytochemicals such
asApigeninandnaturalpolyphenolCalebinAwhichperevidence
suppress proliferation, invasion and metastatic spread [29, 30].
Corresponding mechanisms involve NF-κB-related signalling
pathways, SOD-2 and thioredoxin system activities, and ROS-
inhibition with redox-based therapeutic effects [29, 31].

In conclusion, the paradigm of the palliative care in the liver
cancer management is evolving from “just end of the life” care to
careful evaluation of all aspects relevant for the survivorship [28].
In light of the above, a multi-faceted cancer control within palli-
ative care is crucial for improved disease outcomes including
individualised patient profiling, predictive modelling and corre-
sponding cost-effective risks mitigating measures. For this pur-
pose, amulti-omic approach is crucial for reliable prediction [17].

Our multiparametric approach for a detailed patient strati-
fication in palliative treatment of liver malignancies follows
concepts of cost-effective and patient-centred care [32].
Conclusions presented in this article conform with 3 PM prin-
ciples constituted by the European Association for Predictive,
Preventive and Personalised Medicine which provides a clear
benefit to the patient and healthcare as a whole [33]. At this
point, we would like to mention again that before implemen-
tation into clinical routine a prospective study for validation of
the stratification presented in this article would be required.
Provided that such a validation is positive, the development of
a diagnostic test for clinical routine should be considered. This
diagnostic test would have to be approved by regulatory agen-
cies, such as the EMA in Europe and the FDA in the USA.

Acknowledgements Mr. E. Goldstein was awarded by the European
Association for Predictive, Preventive and Personalised Medicine,
EPMA Brussels for the best scientific presentation at the Workshop of
Young Professionals in PPPM, EPMAWorld Congress 2019, September
19–22 in Pilsen, Czech Republic.

Authors’ contributions O.G. coordinated the project, drafted the manu-
script and performed the literature search; O.G. and K.Y. collected pa-
tients data; K.Y. collected blood samples and performed laboratory mea-
surements; H.F. supervised the data analysis and guided the development

of unsupervised machine learning (UML) methods; E.G. applied UML
analysed current patients pool and created presented images; A.A and
F.A.G. contributed to the paper contents; O.G., E.G., K.Y., A.A.,
F.A.G. and H.F. elaborated on the final version of the manuscript.

Funding information Open Access funding provided by Projekt DEAL.
The study stay of Mr. E. Goldstein at 3P Medical Unit (Head – Prof. O.
Golubnitschaja), Department of Radiation Oncology, University
Hospital, Rheinische Friedrich-Wilhelms-Universität Bonn, Germany,
was supported by the governmental NRW(Germany)/Israeli programme
for academic exchange, fellowship 2019.

Compliance with the ethical standards

Competing interests The authors declare that they have no competing
interests.

Ethical approval All the patients were informed about the purposes of
the study and consequently have signed their “consent of the patient”. All
investigations conformed to the principles outlined in the Declaration of
Helsinki and were performed with permission by the responsible Ethics
Committee of the Medical Faculty, Rheinische Friedrich-Wilhelms-
Universität Bonn. Corresponding reference number is 283/10.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as long as
you give appropriate credit to the original author(s) and the source, pro-
vide a link to the Creative Commons licence, and indicate if changes were
made. The images or other third party material in this article are included
in the article's Creative Commons licence, unless indicated otherwise in a
credit line to the material. If material is not included in the article's
Creative Commons licence and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Sun J, Aghemo A, Forner A, Valenti L. COVID-19 and liver disease.
Liver Int. 2020;40(6):1278–81. https://doi.org/10.1111/liv.14470.

2. Youssef M, Hussein M, Attia AS, Elshazli R, Omar M, Zora G,
et al. COVID-19 and liver dysfunction: a systematic review and
meta-analysis of retrospective studies. J Med Virol. 2020. https://
doi.org/10.1002/jmv.26055.

3. Feng G, Zheng KI, Yan Q-Q, Rios RS, Targher G, Byrne CD, et al.
COVID-19 and liver dysfunction: current insights and emergent
therapeutic strategies. J Clin Transl Hepatol. 2020;8(1):18–24.
https://doi.org/10.14218/JCTH.2020.00018.

4. Zhang C, Shi L, Wang F-S. Liver injury in COVID-19: manage-
ment and challenges. Lancet Gastroenterol Hepatol. 2020;5(5):
428–30. https://doi.org/10.1016/S2468-1253(20)30057-1.

5. Xu L, Liu J, Lu M, Yang D, Zheng X. Liver injury during highly
pathogenic human coronavirus infections. Liver Int. 2020;40(5):
998–1004. https://doi.org/10.1111/liv.14435.

6. Rapid rise in deaths from liver disease in the US over the last
decade. BMJ. Available from: https://www.bmj.com/company/
newsroom/rapid-rise-in-deaths-from-liver-disease-in-the-us-over-
the-last-decade/. Accessed 10 Jul 2020.

514 EPMA Journal (2020) 11:505–515

https://doi.org/
https://doi.org/10.1111/liv.14470
https://doi.org/10.1002/jmv.26055
https://doi.org/10.1002/jmv.26055
https://doi.org/10.14218/JCTH.2020.00018
https://doi.org/10.1016/S2468-1253(20)30057-1
https://doi.org/10.1111/liv.14435
https://www.bmj.com/company/newsroom/rapid-iseneathsromiveriseasen-he-sver-heastecade/
https://www.bmj.com/company/newsroom/rapid-iseneathsromiveriseasen-he-sver-heastecade/
https://www.bmj.com/company/newsroom/rapid-iseneathsromiveriseasen-he-sver-heastecade/


7. Jung K-W, Won Y-J, Hong S, Kong H-J, Lee ES. Prediction of
cancer incidence and mortality in Korea, 2020. Cancer Res Treat.
2020;52(2):351–8. https://doi.org/10.4143/crt.2020.203.

8. Asrani SK, Devarbhavi H, Eaton J, Kamath PS. Burden of liver
diseases in the world. J Hepatol. 2019;70(1):151–71. https://doi.
org/10.1016/j.jhep.2018.09.014.

9. Economic burden of fatty liver disease in US is $32 billion annu-
ally, new study finds. ScienceDaily. Available from: https://www.
sciencedaily.com/releases/2018/07/180703105956.htm. Accessed
10 Jul 2020.

10. Humanistic and economic burden of hepatocellular carcinoma: sys-
tematic literature review. AJMC. Available from: https://www.
ajmc.com/journals/evidence-based-oncology/2019/february-2019/
humanistic-and-economic-burden-of-hepatocellular-carcinoma-
systematic-literature-review. Accessed 10 Jul 2020.

11. Golubnitschaja O, Sridhar KC. Liver metastatic disease: new con-
cepts and biomarker panels to improve individual outcomes. Clin
Exp Metastasis. 2016;33(8):743–55. https://doi.org/10.1007/
s10585-016-9816-8.

12. Bubnov R, Polivka J, Zubor P, Konieczka K, Golubnitschaja O.
‘Pre-metastatic niches’ in breast cancer: are they created by or prior
to the tumour onset? ‘Flammer syndrome’ relevance to address the
question. EPMA J. 2017;8(2):141–57. https://doi.org/10.1007/
s13167-017-0092-8.

13. Golubnitschaja O, Flammer J. Individualised patient profile: clini-
cal utility of Flammer syndrome phenotype and general lessons for
predictive, preventive and personalised medicine. EPMA J.
2018;9(1):15–20. https://doi.org/10.1007/s13167-018-0127-9.

14. Samec A, Liskova A, Koklesova L, Samuel S, Zhai K, Buhrmann
C, et al. Flavonoids against the Warburg phenotype – concepts of
predictive, preventive and personalised medicine to cut the Gordian
knot of cancer cell metabolism. EPMA J. 2020;49:273–81. https://
doi.org/10.1007/s00726-016-2357-2.

15. Golubnitschaja O, Polivka J, Yeghiazaryan K, Berliner L. Liquid
biopsy and multiparametric analysis in management of liver malig-
nancies: new concepts of the patient stratification and prognostic
approach. EPMA J. 2018;9(3):271–85. https://doi.org/10.1007/
s13167-018-0146-6.

16. Gerner C, Costigliola V, Golubnitschaja O. Multiomic patterns in
body fluids: technological challenge with a great potential to imple-
ment the advanced paradigm of 3p medicine. Mass Spectrom Rev.
2019. https://doi.org/10.1002/mas.21612.

17. Lu M, Zhan X. The crucial role of multiomic approach in cancer
research and clinically relevant outcomes. EPMA J. 2018;9(1):77–
102. https://doi.org/10.1007/s13167-018-0128-8.

18. Lemsara A, Ouadfel S, Fröhlich H. PathME: pathway based multi-
modal sparse autoencoders for clustering of patient-level multi-
omics data. BMC Bioinformatics. 2020;21(1):146. https://doi.org/
10.1186/s12859-020-3465-2.

19. Fröhlich H, Patjoshi S, Yeghiazaryan K, Kehrer C, Kuhn W,
Golubnitschaja O. Premenopausal breast cancer: potential clinical
utility of a multi-omics based machine learning approach for patient
stratification. EPMA J. 2018;9(2):175–86. https://doi.org/10.1007/
s13167-018-0131-0.

20. Golubnitschaja O, Filep N, Yeghiazaryan K, Blom HJ, Hofmann-
Apitius M, Kuhn W. Multi-omic approach decodes paradoxes of
the triple-negative breast cancer: lessons for predictive, preventive
and personalised medicine. Amino Acids. 2018;50(3–4):383–95.
https://doi.org/10.1007/s00726-017-2524-0.

21. Golubnitschaja-Labudova O, Liu R, Decker C, Zhu P, Haefliger IO,
Flammer J. Altered gene expression in lymphocytes of patients with

normal-tension glaucoma. Curr Eye Res. 2000;21(5):867–76.
https://doi.org/10.1076/ceyr.21.5.867.5534.

22. Golubnitschaja O, Yeghiazaryan K, Abraham J-A, Schild HH,
Costigliola V, Debald M, et al. Breast cancer risk assessment: a
non-invasive multiparametric approach to stratify patients by
MMP-9 serum activity and RhoA expression patterns in circulating
leucocytes. Amino Acids. 2017;49(2):273–81. https://doi.org/10.
1007/s00726-016-2357-2.

23. Grambsch PM, Therneau TM. Proportional hazards tests and diag-
nostics based on weighted residuals. Biometrika. 1994;81(3):515–
26. https://doi.org/10.2307/2337123.

24. Monti S, Tamayo P, Mesirov J, Golub T. Consensus clustering: a
resampling-based method for class discovery and visualization of
gene expression microarray data. Mach Learn. 2003;52:91–118.
https://doi.org/10.1023/A:1023949509487.

25. Benjamini Y, Hochberg Y. Controlling the false discovery rate - a
practical and powerful approach tomultiple testing. J R Stat Soc Ser
B. 1995;57:289–300. https://doi.org/10.2307/2346101.

26. Zubor P, Dankova Z, Kolkova Z, Holubekova V, Brany D,
Mersakova S, et al. Rho GTPases in gynecologic cancers: in-
depth analysis toward the paradigm change from reactive to predic-
tive, preventive, and personalized medical approach benefiting the
patient and healthcare. Cancers. 2020;12(5):1292. https://doi.org/
10.3390/cancers12051292.

27. Kucera R, Pecen L, Topolcan O, Dahal AR, Costigliola V,
Giordano FA, et al. Prostate cancer management: long-term beliefs,
epidemic developments in the early twenty-first century and 3PM
dimensional solutions. EPMA J. 2020. https://doi.org/10.1007/
s13167-020-00214-1.

28. Koklesova L, Liskova A, Samec M, Qaradakhi T, Zulli A, Smejkal
K, et al. Genoprotective activities of plant natural substances in
cancer and chemopreventive strategies in the context of 3P medi-
cine. EPMA J. 2020;11(2):261–87. https://doi.org/10.1007/
s13167-020-00210-5.

29. Tong J, Shen Y, Zhang Z, HuY, ZhangX, Han L. Apigenin inhibits
epithelial-mesenchymal transition of human colon cancer cells
through NF-κB/snail signaling pathway. Biosci Rep. 2019;31:
39(5). https://doi.org/10.1042/BSR20190452.

30. Buhrmann C, Popper B, Kunnumakkara AB, Aggarwal BB,
Shakibaei M. Evidence that Calebin a, a component of curcuma
longa suppresses NF-B mediated proliferation, invasion and metas-
tasis of human colorectal cancer induced by TNF-β (lymphotoxin).
Nutrients. 2019;11(12). https://doi.org/10.3390/nu11122904.

31. Chaiswing L, St Clair WH, St Clair DK. Redox paradox: a novel
approach to therapeutics-resistant cancer. Antioxid Redox Signal.
2018;29(13):1237–72. https://doi.org/10.1089/ars.2017.7485.

32. Golubnitschaja O, Andrews R. Patient-centered care: Making the
modern hospital truly modern. In: Latifi R, editor. The Modern
Hospital: Patients Centered, Disease Based, Research Oriented,
Technology Driven. Springer International Publishing; 2019. pp.
403–409.

33. Golubnitschaja O, Baban B, Boniolo G, Wang W, Bubnov R,
Kapalla M, et al. Medicine in the early twenty-first century: para-
digm and anticipation - EPMA position paper 2016. EPMA J.
2016;7:23. https://doi.org/10.1186/s13167-016-0072-4.

Publisher’s note Springer Nature remains neutral with regard to jurisdic-
tional claims in published maps and institutional affiliations.

515EPMA Journal (2020) 11:505–515

https://doi.org/10.4143/crt.2020.203
https://doi.org/10.1016/j.jhep.2018.09.014
https://doi.org/10.1016/j.jhep.2018.09.014
https://www.sciencedaily.com/releases/2018/07/180703105956.htm
https://www.sciencedaily.com/releases/2018/07/180703105956.htm
https://www.ajmc.com/journals/evidenceasedncology/2019/february-humanisticndconomicurdenfepatocellulararcinoma-ystematiciterature-eview
https://www.ajmc.com/journals/evidenceasedncology/2019/february-humanisticndconomicurdenfepatocellulararcinoma-ystematiciterature-eview
https://www.ajmc.com/journals/evidenceasedncology/2019/february-humanisticndconomicurdenfepatocellulararcinoma-ystematiciterature-eview
https://www.ajmc.com/journals/evidenceasedncology/2019/february-humanisticndconomicurdenfepatocellulararcinoma-ystematiciterature-eview
https://doi.org/10.1007/s10585-016-9816-8
https://doi.org/10.1007/s10585-016-9816-8
https://doi.org/10.1007/s13167-017-0092-8
https://doi.org/10.1007/s13167-017-0092-8
https://doi.org/10.1007/s13167-018-0127-9
https://doi.org/10.1007/s00726-016-2357-2
https://doi.org/10.1007/s00726-016-2357-2
https://doi.org/10.1007/s13167-018-0146-6
https://doi.org/10.1007/s13167-018-0146-6
https://doi.org/10.1002/mas.21612
https://doi.org/10.1007/s13167-018-0128-8
https://doi.org/10.1186/s12859-020-3465-2
https://doi.org/10.1186/s12859-020-3465-2
https://doi.org/10.1007/s13167-018-0131-0
https://doi.org/10.1007/s13167-018-0131-0
https://doi.org/10.1007/s00726-017-2524-0
https://doi.org/10.1076/ceyr.21.5.867.5534
https://doi.org/10.1007/s00726-016-2357-2
https://doi.org/10.1007/s00726-016-2357-2
https://doi.org/10.2307/2337123
https://doi.org/10.1023/A:1023949509487
https://doi.org/10.2307/2346101
https://doi.org/10.3390/cancers12051292
https://doi.org/10.3390/cancers12051292
https://doi.org/10.1007/s13167-020-00214-1
https://doi.org/10.1007/s13167-020-00214-1
https://doi.org/10.1007/s13167-020-00210-5
https://doi.org/10.1007/s13167-020-00210-5
https://doi.org/10.1042/BSR20190452
https://doi.org/10.3390/nu11122904
https://doi.org/10.1089/ars.2017.7485
https://doi.org/10.1186/s13167-016-0072-4

	Optimal...
	Abstract
	Introduction
	Multi-factorial liver disease—healthcare and economic burden
	Almost all solid tumours are capable to spread metastases to the liver
	Multiparametric set-up to model predictive and prognostic approach under the palliative treatment of liver malignancies
	Working hypothesis

	Materials and methods
	Recruitment of patients with primary hepatocellular carcinoma (HCC) and secondary hepatic metastases
	Inclusion criteria
	Exclusion criteria

	Liquid biopsy: Blood samples collection, biobanking and biopreservation
	Multi-omic analysis
	Protein expression analysis by Western blotting
	Analysis of metalloproteinase activity by zymography
	Subcellular imaging: “comet assay” analysis of DNA fragmentation

	Unsupervised machine learning (UML)

	Results
	Data interpretation, conclusions and expert recommendations in the context of 3P medicine
	The principle conclusion
	Critical evaluation of contributing parameters in the model
	Study limitations and a strong potential for the model’s improvement

	What is this model good for? Expert recommendations in the context of 3P medicine
	Immune system
	Metastatic potential
	Detoxification and scavenging activity


	References


