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Abstract

Background: Structured and harmonized implementation of molecular tumor boards (MTB) for the clinical inter-
pretation of molecular data presents a current challenge for precision oncology. Heterogeneity in the interpretation
of molecular data was shown for patients even with a limited number of molecular alterations. Integration of high-
dimensional molecular data, including RNA- (RNA-Seq) and whole-exome sequencing (WES), is expected to further
complicate clinical application. To analyze challenges for MTB harmonization based on complex molecular datasets,
we retrospectively compared clinical interpretation of WES and RNA-Seq data by two independent molecular tumor
boards.

Methods: High-dimensional molecular cancer profiling including WES and RNA-Seq was performed for patients with
advanced solid tumors, no available standard therapy, ECOG performance status of 0-1, and available fresh-frozen tis-
sue within the DKTK-MASTER Program from 2016 to 2018. Identical molecular profiling data of 40 patients were inde-
pendently discussed by two molecular tumor boards (MTB) after prior annotation by specialized physicians, following
independent, but similar workflows. Identified biomarkers and resulting treatment options were compared between
the MTBs and patients were followed up clinically.

Results: A median of 309 molecular aberrations from WES and RNA-Seq (n = 38) and 82 molecular aberrations from
WES only (n = 3) were considered for clinical interpretation for 40 patients (one patient sequenced twice). A median
of 3 and 2 targeted treatment options were identified per patient, respectively. Most treatment options were identi-

fied for receptor tyrosine kinase, PARP, and mTOR inhibitors, as well as immunotherapy. The mean overlap coefficient
between both MTB was 66%. Highest agreement rates were observed with the interpretation of single nucleotide
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variants, clinical evidence levels 1 and 2, and monotherapy whereas the interpretation of gene expression changes,
preclinical evidence levels 3 and 4, and combination therapy yielded lower agreement rates. Patients receiving treat-
ment following concordant MTB recommendations had significantly longer overall survival than patients receiving
treatment following discrepant recommendations or physician’s choice.

Conclusions: Reproducible clinical interpretation of high-dimensional molecular data is feasible and agreement
rates are encouraging, when compared to previous reports. The interpretation of molecular aberrations beyond single
nucleotide variants and preclinically validated biomarkers as well as combination therapies were identified as addi-

tional difficulties for ongoing harmonization efforts.
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Molecular tumor board

Background

Precision oncology is expected to improve cancer treat-
ment by taking into account molecular alterations [1].
Targeted treatment of well-defined molecular altera-
tions has shown a clinical benefit, accordingly [2-4].
The precision oncology process relies on many steps,
including patient accrual, sample analysis, interpretation
of results, and their clinical application [5]. The clinical
interpretation of molecular data from tumor sequencing
has been called the “bottleneck” of precision oncology
[6]. Published guidelines address variant annotation and
biomarker prioritization, whereas a complete interpreta-
tion workflow remains unstandardized [7-11]. Multiple
databases and search tools exist for the identification of
biomedical literature to support biomarker associations
[12-14]. Yet, most databases contain non-overlapping
literature [15, 16]. The vast biomedical literature and
challenges in the variant interpretation process lead to
inter-interpreter differences even with limited molecu-
lar data [17]. The use of multi-gene panels to simultane-
ously interrogate multiple genes of interest has become
a standard in most cancer centers. In addition to gene-
panel diagnostics, even more comprehensive analyses of
genome or transcriptome are increasingly used [18-21],
thus further raising dimensionality and therefore com-
plexity of the resulting data. These analyses hold prom-
ise to identify targetable alterations in patients where no
well-defined biomarker will be identified by more tar-
geted analyses. For unselected patient cohorts, a clear
benefit with precision oncology has so far not been shown
in prospective studies [22-24]. These results contrast
with the clear benefit of precision oncology strategies in
patients with well-defined molecular alterations within a
specific tumor histology [3, 4]. A few more recent trials
have shown efficacy of biomarker-directed therapy even
in histology-agnostic trials [2, 25]. In order to further
expand these benefits to a larger and unselected patient
population, reproducible and evidence-based strate-
gies for the clinical interpretation of complex molecu-
lar data are required. In order to identify challenges for

harmonized workflows, we compared treatment options
identified by two independent molecular tumor boards
for patients with identical exome and transcriptome
sequencing, e.g., high-dimensional, molecular data.

Results

Analysis of MTB workflows

The workflows of both MTB were compared (Additional
file 1, Fig S1). Both workflows consisted of initial steps of
biomarker identification and filtering from the provided
list of molecular alterations, followed by clinical annota-
tion and molecular tumor board discussion, treatment
recommendation, and clinical follow-up. Importantly,
both workflows included structured literature searches
and the use of databases, evidence levels, and interdisci-
plinary discussion of results. Differences were observed
with an additional step of validation for the analysis of
missing data and the interpretation of biomarkers in their
genomic context in the Berlin workflow and a step for the
functional assessment of molecular changes using litera-
ture and database searches in the Heidelberg workflow.
However, both additional steps were largely included in
the respective other workflows (validation under clini-
cal relevance in the Heidelberg workflow and functional
assessment under filtering in the Berlin workflow).

Patient characteristics

We identified 56 patients who were discussed inde-
pendently by MTBs in Heidelberg and Berlin between
2016 and 2018. Sixteen patients were excluded from the
analysis because of prior deterioration, only one avail-
able treatment recommendation, or identical molecu-
lar information was not available to one of the tumor
boards at the time of discussion or the tumor board
was not blinded to results from the other MTB (Fig. 1).
Clinical characteristics of the resulting 40 patients
are displayed in Table 1. The median age at the date of
trial inclusion was 45 years. Slightly more male than
female patients were amongst the study participants. All
patients received prior systemic chemotherapy before
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56 patients discussed by
HDB and BLN MTB
simultaneously

16 patients excluded
Recommendations unblinded n=3

v

Only one recommendation available n=10
Prior deterioration n=3

3 WES | 38 RNA-Seq+WES

40 patients with independent, blinded
recommendations (1 sequenced twice)

6 patients excluded

Prior deterioration n=6

time to MTB decision

34 patients patients with survival data beyond date of study consent + median

22 patients with MTB-

12 patients with treatment of physician‘s choice

recommended treatment

18 patients following
matched MTB therapy

4 patients following differing
MTB therapy

Fig. 1 Consort diagram depicting the flow of patients

DKTK MASTER inclusion. Head and neck (35%) and
gastrointestinal tumors (30 %) were the most frequently
sequenced tumor sites. Neuroendocrine neoplasm G3
was the most common histology.

WES and RNA-Seq were performed on 38 samples of
37 patients, and WES only on 3 samples of 3 patients,
since tumor material was insufficient for RNA-Seq. One
patient was successfully sequenced a second time after
progression and both sequencing results were indepen-
dently considered for analysis. A median of 309 (WES
and RNA-Seq) and 82 (WES) aberrations per patient
were reported to the MTB, of which the majority were
gene expression outliers in the WES/RNA-Seq group and
SNV in the WES group (Table 2). A summary of genes
and respective alterations can be found in Additional
file 2: Table S1. These genetic alterations then underwent
annotation and interdisciplinary discussion in the MTBs
in Heidelberg and Berlin. From these bioinformatically
generated lists of all molecular alterations, clinical anno-
tation identified a median of 4 predictive biomarkers per
patient in both MTB. Gene expression outliers and struc-
tural alterations (e.g., gene deletion/amplification) were
the molecular alteration types that were most commonly

identified as predictive biomarkers. These findings
resulted in a median of 3 and 2 treatment options per
patient, respectively (Table 3). Predictive biomarkers
and treatment options are provided in Additional file 2:
Table S2. The most frequently identified alterations that
were considered predictive biomarkers were aberrations
of the EGFR, ATM, and CDKN2A genes (Fig. 2). Most
frequently identified treatment options included PARP
inhibitors, followed by mTOR and immune checkpoint
(ICI) inhibitors, as well as various receptor tyrosine
kinase (TKI) inhibitors (including multi-kinase, FGFR,
and ERBB inhibitors) (Fig. 2).

Treatment recommendation and predictive biomarker
agreement
Identified treatment options were compared between
both MTBs. The mean overlap coefficient between both
molecular tumor boards was 66%. The respective treat-
ment options for the analyzed cohort are provided in
Additional file 2: Table S3.

There was a significant positive correlation between
the identification of identical predictive biomarkers and
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Table 1 The clinical data of the 40 patients included in the

analysis
Clinical characteristics Value
Age, years
Median (range) 45 (22-65)
Sex, no. (%)
Male 22 (55)
Female 18 (45)
Prior systemic chemotherapies, no. (%)
1 5(12.5)
2 12 (30)
3 8(20)
>4 15(37.5)
Tumor site/type, no. (%)
Head and neck 14 (35)

Neuroendocrine neoplasm G3
Squamous cell carcinoma
Adenoid cystic carcinoma
Adenocarcinoma
Chondrosarcoma
Carcinosarcoma
Gastrointestinal 2(30)
Neuroendocrine neoplasm G3
Neuroendocrine MANEC
Neuroendocrine neoplasm G2
GIST
Mesothelioma
Squamous cell carcinoma
Urogenital (20)
Neuroendocrine neoplasm G3
Germ cell tumor
Leiomyosarcoma
Pheochromocytoma
Teratoma
Squamous cell carcinoma
Lung (7.5)
Adenocarcinoma
Neuroendocrine neoplasm G2
Cancer of unknown primary (7.5)
Adenocarcinoma
Neuroendocrine neoplasm G3

DSRCT

- - . W — N W= = = 2 NN = = = 2 N0 e — — N W W N

GIST gastrointestinal stromal tumor, MANEC mixed adenoceuroendocrine
carcinoma, DSRCT desmoplastic small round cell tumor

identification of identical treatment recommendations
between both MTBs (R 0.57, p < 0.001, Fig. 3).

To identify challenges for future harmonization
efforts, treatment options were analyzed with regard
to the type of biomarker, the evidence level (EvL),
and therapeutic basket (Fig. 4). More concordant
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Table 2 Median number and range of all molecular alterations
that were reported to both MTB for clinical interpretation in the
WES and RNA-Seq and WES only groups

WES
n=3

Molecular characteristics WES + RNA-seq

n=38

Aberrations, no.

Median (range) 309 (181-6013) 82 (24-9248)

Single nucleotide variants, no.
48.5 (2-5645)

Somatic median (range) 73 (22-9139)

Germline median (range) 1(0-5) 1(0-3)
Indels, no.

Somatic median (range) 3(0-21) 6 (2-107)

Germline median (range) 0(0-2) 0(0-1)
Structural variants, no.

Median (range) 99.5 (5-731) 61 (53-426)
Gene fusions, no.

Median (range) 83 (0-663) N/A
Gene expression outlier, no.

Median (range) 166 (105-393) N/A

Table 3 The median number of biomarkers and treatment
options, as identified by Heidelberg and Berlin MTBs, respectively.
The median number of types of alterations is also provided for
biomarkers. Each predictive biomarker was counted once,
irrespective of the number of resulting treatment options

Interpretations Heidelberg Berlin

Biomarker, no.

Median (range) 4(
Single nucleotide variants 1(
Structural variants 1(
Gene fusions 0 (
Gene expression outlier 2
Signatures 0(

Treatment options, no.

Median (range)

recommendations were seen for genomic compared to
transcriptomic biomarkers, with clinical (EvL 1 and 2)
compared to preclinical (EvL 3 and 4) evidence levels
and immune checkpoint and PARP inhibitors com-
pared to mTOR inhibitors. A mean of 1.7 predictive
biomarkers were reported per treatment option. No
significant association was seen between the number
of reported supporting predictive biomarkers and con-
cordance of treatment options, although more predic-
tive biomarkers (mean 1.8 vs. 1.5, t-test p=0.06) were
reported per concordant treatment option than per dis-
cordant treatment option. Recommended combination
therapies were assessed individually and only one of 25
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Fig. 2 Summary of biomarker genes and therapy options from 41 molecular tumor profiles. The left panel indicates genes that were identified at
least four or more times by molecular tumor boards in Heidelberg (dot) and Berlin (triangle) as biomarkers. The right panel shows all recommended
therapy options by both MTB. Abbreviations of therapy options, are as follows: ICl, immune checkpoint inhibition; TKI, tyrosine kinase inhibitors;
CLDN, claudin-directed therapy; CAR-T, chimeric antigen receptor T-cell; CHEMO, chemotherapy; ASS, acetylsalicylic acid; all other gene names refer
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recommended combination regimens was identically
recommended by both MTB.

Analysis of clinical impact

After communication of identified treatment options, 22
of 40 (55 %) patients started at least one recommended
therapy. Eighteen out of these 22 patients received treat-
ment following concordant treatment recommendations
(Figs. 1 and 5).

Patients receiving therapy as recommended by both
MTBs (Matched MTB therapy) displayed a significantly
longer overall survival (P = 0.005, Fig. 5), compared to
the groups of patients whose initiated therapy followed
a treatment option that was suggested by only one MTB
(Differing MTB therapy) or physician’s choice (e.g., ther-
apy not recommended by any MTB).

Discussion

Specific attention and additional research is required
to improve the clinical annotation of molecular data,
which is still unstandardized and inconsistent between
molecular tumor boards [17]. The integration of high-
dimensional molecular data can be expected to further

complicate clinical interpretation but no real-world
data currently exist on the scale or clinical impact of
this scenario. Alleviating this imminent “bottleneck”
[6] is expected to improve clinical decision-making and
the prospective design of clinical trials for precision
oncology.

In this work, we retrospectively analyzed the clini-
cal interpretation of identical and high-dimensional
molecular alterations of 40 patients by two molecular
tumor boards that were prospectively sequenced within
the DKTK-MASTER-program. This analysis yielded a
mean overlap coefficient of 66%. Previous studies of rec-
ommendation heterogeneity yielded overall agreement
rates between 40% [17] and 86% [26]. However, major
differences between the studies have to be taken into
account, when comparing these data. The average num-
ber of molecular alterations per patient was 8 in the study
by Rieke et al. and 2.6 in the study by Koopman et al. In
the here presented study, more than 300 alterations per
patient, identified by whole-exome and RNA-sequencing,
were clinically interpreted. Furthermore, the study by
Koopman et al. assessed clinical interpretation in well-
defined clinical situations of melanoma and NSCLC
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Fig. 3 Analysis of an association between concordant biomarkers (x-axis) and therapy options (y-axis) between both molecular tumor boards.
The plot demonstrates a significant positive correlation (blue line, R = 0.57; P < 0.001) between biomarkers and therapy options identified from 41
unigue molecular tumor profiles (each represented by a dot). The red line represents the mean overlap coefficients for therapy options, and the
green line for biomarkers

samples. The DKTK-MASTER study was designed to
include patients without established treatment options,
which is highlighted by the large number of patients
with neuroendocrine neoplasms in this cohort, for
which no standard of treatment exists in later lines of
systemic therapy. Considering these molecular and clini-
cal challenges in an unplanned retrospective analysis
of an experimental sequencing study, an overall agree-
ment rate of more than 60% should be viewed as highly
encouraging. These results could be mediated by similar
MTB workflows, with an interdisciplinary MTB discus-
sion after prior manual annotation of molecular aberra-
tions with evidence levels, following a structured search
of databases. Further improvement could therefore be
expected with ongoing harmonization efforts.

This analysis allows for a detailed look at challenges
with the interpretation of complex molecular data for
these efforts. Generally, more heterogeneous recommen-
dations were found in the setting of biomarkers with low
evidence levels and combination therapy, probably due to
the wealth and heterogeneity of preclinical studies [15],
differences in their appreciation [11], and a lack of con-
trolled trials for combination targeted therapy due to
combinatorial complexity [27]. More data for the rational
use of drug combinations for precision oncology is war-
ranted. Additionally, lower agreement rates were identi-
fied for gene expression data. This is probably caused
by a lack of clinical studies for most of these alterations,
which are additionally not well-defined because of a lack
of established cut-offs. Despite these more obvious chal-
lenges, perfect matches were also not achieved for SNV.

Most SNVs annotated in this cohort were not identified
in well-characterized genes and therefore created chal-
lenges in their appreciation as potential biomarkers.

The agreement rate in our study was lower for iden-
tified predictive biomarkers than the corresponding
treatment option. This can be explained by the frequent
identification of several alterations that point towards
identical treatment recommendations (e.g., BRCA muta-
tion, ATM underexpression, FANCI, FANCA deletion
for PARP inhibitors in the same patient) but were not
always all named by both tumor boards. Yet, agreement
rates of predictive biomarkers were significantly associ-
ated with agreement rates of treatment options. There-
fore, the structured identification of potential (predictive)
biomarkers from molecular data remains key to the iden-
tification of treatment options. Efforts for a harmoniza-
tion of databases is expected to greatly aid with this [16].
Interdisciplinary teams will be increasingly important
to extract the maximum of clinically relevant data from
complex molecular profiles.

Some limitations of this study should be consid-
ered: Patients were discussed in parallel by the molecu-
lar tumor boards in Heidelberg and Berlin only in the
beginning of the MASTER program, thus limiting the
number of patients. Additionally, the recommendations
reflect MTB practices of the inclusion years 2016—2018,
which have evolved significantly since then, thus possibly
underestimating current concordance rates. This limita-
tion is important, since great efforts have been put into
biomarker annotation and database development, and
since efforts are ongoing [16, 28]. A follow-up analysis of
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Fig. 4 Analysis of differing and matched therapy options between molecular tumor boards. The left-sided panel demonstrates the relative
frequency of differing therapy options according to the molecular level of supporting biomarkers, the underlying molecular evidence level, and the
ten most frequent therapeutic baskets. The corresponding relative frequencies for matched therapy options are shown in the right panel

the same patient data was not feasible within a blinded
MTB setting. However, a more superficial second visit of
the data suggested higher agreement rates between par-
ticipating tumor boards.

The availability of new data and treatment options will
eventually bring established targets into clinical routine
and away from a more experimental MTB setting. An
analysis of unclear and complex data can therefore be
expected to remain a problem for precision oncology.
Therefore, this analysis also has several strengths: Iden-
tical molecular data were available, limiting the effect
of potential confounders. The retrospective, real-world
design of this study reduced the risk of bias. Further-
more, the interpreted molecular data are highly complex,
incorporating WES and RNA-Seq data, and thus allow
for an analysis of a wealth of biomarkers and treatment
recommendations even in the setting of two participat-
ing MTBs. High-dimensional molecular data beyond

targeted sequencing are increasingly incorporated into
precision oncology [18-21]. The added value of whole-
exome/genome and RNA-sequencing data is an impor-
tant clinical question. In our cohort, 75-90% of 67 SNV
or Indels that were used as predictive biomarkers would
have been identified with large multigene-panels (e.g.,
MSK-IMPACT, TSO500). Yet, most structural/transcrip-
tomic biomarkers that led to treatment recommenda-
tions or further supported them would not have been
identified and the patient number is too small for a defin-
itive analysis of the clinical impact. Therefore, this ques-
tion should be answered in larger and ideally prospective
trials. In the WINTHER trial, no improvement of out-
come but a numerically better clinical benefit ratio could
be shown with transcriptomic profiling [18].

An improved outcome could be shown in the I-PRE-
DICT and WINTHER trials, as well as a real-world data
analysis, for patients that received treatment that was
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better matched to their tumor’s molecular profiles [18,
23, 29]. In our retrospective analysis in a small cohort of
patients, concordant treatment recommendations were
also associated with an improved overall survival. Since
patients with more well-defined molecular alterations
were more likely to receive reproducible recommenda-
tions and effective treatment, this finding might reflect
that patients receiving treatment that is well-matched to
their unique molecular tumor profile achieve a greater
clinical benefit—thus mirroring the results from the
[-PREDICT and WINTHER trials in a setting with com-
plex molecular data. Yet, this analysis should be viewed
with caution given the low number of patients, retrospec-
tive analysis, and selection bias. Prospective trials with
a focus on interpretation practices (such as matching
scores and reproducibility of treatment options) are war-
ranted to validate these exploratory findings.

Conclusion

Reproducible and evidence-based interpretation of com-
plex molecular data is feasible with the use of structured
workflows. Additional attention is required for the inter-
pretation of data beyond genomic analyses and biomark-
ers with preclinical evidence levels as well as for the
introduction of rational combination therapies.

Methods

Patient recruitment

Patients with advanced solid tumors of a rare histology
or younger age (< 50y), no available standard therapy,

and available fresh-frozen tumor tissue were included in
the DKTK-MASTER precision oncology program of the
German Cancer Consortium (DKTK) [21]. Patients with
molecular profiles that were independently discussed
by Heidelberg and Berlin molecular tumor boards were
considered eligible for this analysis and included into the
MASTER program between 2016 and 2018. The study
was approved by the local ethics committees (Heidelberg,
Berlin). Written, informed consent was obtained from all
participants before inclusion into the study.

Sequencing and variant identification

Fresh-frozen tumor tissue was obtained from all partici-
pating patients and shipped to the central laboratory in
Heidelberg. Specimen handling, DNA and RNA extrac-
tion, next-generation sequencing, and bioinformatic anal-
yses were performed as published [21]. Briefly, DNA and
RNA from tumor specimen and DNA from matched blood
samples were isolated using the AllPrep Mini or Univer-
sal Kits (Qiagen). After library preparation (SureSelect
Human All Exon, Agilent; TruSeq RNA Sample Prepara-
tion kit V2, Illumina), whole-exome and RNA-paired-end
sequencing (2 x 151 bp; 2 x 101 bp) was performed with
various HiSeq instruments (e.g., HiSeq 2000, 2500, and
4000; Illumina). Reads were aligned and mapped and sin-
gle nucleotide variants (SNV)/indel/structural variant and
copy number alterations were analyzed. An integrated file
was generated per patient and annotated using dbNSFP
version 2.9  (http://varianttools.sourceforge.net/Annot
ation/dbNSFP), using functional impact tools as well as
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several gene lists of interest, including the Cancer Gene
Census (https://cancer.sanger.ac.uk/census). One excel file
was generated per patient including single nucleotide vari-
ations/indels, gene fusions and structural variations, muta-
tional signatures, RNA information, and germline findings,
if available. RNA expression ranking was based on the first
148 RNA samples of the MASTER program. These infor-
mation were provided to the molecular tumor boards.

Molecular tumor board workflows

Molecular tumor boards (MTB) were established inde-
pendently in Heidelberg and Berlin. In Berlin, a weekly
meeting comprising at least medical oncologists, bioin-
formaticians, pathologists, and molecular biologists was
established. In Heidelberg, a MTB was held in parallel,
with medical oncologists, bioinformaticians, pathologists,
and molecular biologists in regular weekly attendance.
Prior to the MTB, specialized physicians analyzed the
identified alterations (e.g., SNV/indels, gene expression
alterations, gene fusions, structural variations, mutational
signatures) using at least one database as well as a struc-
tured PubMed search to identify potential biomarkers.
After establishment of a list of potential biomarkers, pre-
dictive information were collected and annotated using
predefined evidence levels [11, 20]. Predictive biomark-
ers were defined as molecular alterations providing infor-
mation on the probability of a response to a particular
therapy [30]. For this analysis, only predictive biomark-
ers identified within the MASTER program (e.g., WES/
RNA-Seq) were considered. Predictive information were
collected from structured literature and database searches
(e.g., PubMed, CIViC, OncoKB) including clinical and
preclinical data [12, 13]. Identified predictive information
on the respective alterations was summarized and sent
to members of the MTB prior to the meeting. Predictive
biomarkers were then discussed in the MTB to identify
treatment options, taking into account the evidence level,
existence of multiple biomarkers for the same drug, and
patient characteristics. These were communicated to the
treating physician. The workflow has been published pre-
viously [20] (Additional File 1: Fig. S1). Regular, stand-
ardized follow-up was performed to analyze treatment
outcomes of patients after MTB discussion [21].

Data collection and analysis

Patients with treatment recommendations from an inde-
pendent discussion of identical molecular results in both
MTBs were identified from the internal MTB database.
Number and type of molecular alterations were col-
lected from the initial report as provided to both molecu-
lar tumor boards. Identified biomarkers and treatment
options were retrieved from the final MTB recommen-
dations and supporting documents used in the MTB
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discussion. Survival data were retrieved from follow-up
documents. Data were then structured in a harmonized
format and analyzed using R (R version 4.0.0 (2020-04-
24) -- “Arbor Day”. R: A language and environment for
statistical computing. R Foundation for Statistical Com-
puting, Vienna, Austria. URL http://www.R-project.org/).

Treatment recommendations were defined as treat-
ment options that were identified and communicated
after multidisciplinary discussion in the respective
MTB (e.g., immune checkpoint inhibition). Predictive
biomarkers were defined as genetic aberrations that
were used for the identification of treatment recom-
mendations after annotation and multidisciplinary
discussion in the MTB, thus allowing for multiple
predictive biomarkers as a rationale for one identified
treatment option (e.g., high tumor mutational bur-
den and POLE mutation as predictive biomark-
ers for immune checkpoint inhibition as treatment
recommendation).

Treatment recommendations and predictive biomark-
ers were matched for each individual patient. The overlap
coefficient was calculated using the Szymkiewicz—Simp-

son formula overlap(X,Y) = % [31].
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