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Executive summary
Background:
For many complex diseases, the accurate stratification of patients into sub-groups with
distinct molecular hallmarks and distinct treatment responses is regarded as an essential
means to enable a more efficient and effective personalised medicine. While multivariate
machine learning analyses of omics data offer the potential to provide more robust and
accurate biomarker signatures than conventional single-molecule diagnostic
approaches, only few findings from omics discovery studies have been translated into
clinically validated tests.
In order to pave the way for establishing common minimum requirements, guidelines
and recommendations for model building and validation on disease-related omics data,
the rationale for this scoping review is to integrate the available knowledge from the
literature by assembling common machine learning workflows for omics-based
biomarker discovery, commonly criticized gaps and limitations, and previously proposed
strategies to address these limitations. In particular, success stories of biomarker
discovery studies leading to clinically validated FDA-cleared tests or laboratory
developed tests are reviewed, and compared against frequently observed issues and
challenges in the surveyed articles. Overall, this analysis aims at providing an overview
of existing solution strategies for the known challenges, and at revealing the remaining
gaps in the field.
Research questions
To provide an overview of the current state-of-the art in the field and identify gaps and
limitations, this scoping review investigates the available machine learning methods for
supervised and unsupervised patient stratification using omics data. It addresses
questions on which model building and validation methods are available, which
workflows have been recommended in the literature, and what are their practical realworld applications, the lesson’s learned and remaining challenges.
a) Machine learning methods for stratification:
• What are the main types of supervised and unsupervised ML methods used for
omics-based stratification? What are the recommended workflows?
• What are the specific strengths/weaknesses and opportunities/limitations of
different stratification approaches?
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b) Validation methods:
• Which validation methods are available to assess accuracy, robustness and
biomedical relevance? What are their strengths/weaknesses?
c) Applications:
• Which practical utility has been demonstrated in real-world applications of omicsderived machine learning models? Which success stories have been reported and
what are the lessons learned?

Methods:
The scoping review was conducted according to an established methodological
framework by the Joanna Briggs Institute, and covered six stages: 1) identifying the
research questions, 2) identifying relevant studies, 3) study selection, 4) charting the
data, 5) collating, summarizing and reporting results and 6) consultation (this last step is
still outstanding, and will be completed during a workshop in December 2020).
Briefly, pre-defined research questions on the available model building and validation
workflows for omics biomarker discovery studies were addressed by conducting a
keyword-based search in the biomedical literature. We searched PubMed, EMBASE and
Web of Science (search date: March 13, 2020) for reports published from 2005 to April
2020 (i.e. including “online first” articles with official publication date in the near future)
in English, French, Spanish, Italian and German language.
Both peer-reviewed journal publications and conference articles were included in the
search, covering applied and methodological studies, as well as related review articles.
Studies with insufficient statistical validation or methodology articles without a clear
biomedical utility were filtered out. Next, information relevant to the research questions
was extracted from the filtered articles according to a pre-defined list of data items, and
summarized in tabular format. Finally, the extracted results were analyzed with a focus
on identifying common machine learning workflows and associated challenges and
limitations, as well as proposed solution strategies and best practices adopted in
previous successful biomarker studies.
Results
The initial keyword analysis conducted for the scoping review provided 1164 retrieved
abstracts for further review. After the removal of duplicate records, 1079 remaining
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records were used for a first-stage scoping review, focusing on the abstract-based prefiltering of studies for a subsequent full-text review.
Using the pre-defined eligibility criteria to filter the results, 502 abstracts were excluded
from further analysis, and 577 abstracts were retained for the full-text review. After the
final review, 234 full-text articles passed all filtering criteria and were used for data
extraction and analysis.
Gaps identified
The analysis of the scoping review data revealed common challenges in omics-based
biomarker studies, and possible strategies to address many of these challenges.
The main limitations and shortcomings identified through the survey include the following
aspects: (1) inadequacy of the study design and sample size selection; (2) inadequacy
and lack of robustness and completeness of the statistical evaluation; (3) lack of clarity
in the definition of clinical applications and primary/secondary outcomes; (4) insufficient
or inadequate study design documentation; (5) inadequacy of the sampling/blocking
design and the strategy to address batch effects and biases; (6) inadequacy of the data
pre-processing, filtering and normalization; (7) inadequate or ineffective integration of
prior biological knowledge and multi-omics analyses; and (8) insufficient or inadequate
measures to ensure model interpretability and biological plausibility.
The identified common study limitations and gaps led to a variety of dedicated
recommendations to improve the preparation, implementation and documentation of
omics biomarker discovery studies. Some of these recommendations were already
proposed previously in a checklist by the US National Cancer Institute (NCI) to assess
the readiness of an omics-based test to guide therapy in clinical trials, and cover aspects
related to the choice and collection of biological samples, the used assays, the trial
design, statistical modeling approaches, and legal and ethical considerations. Beyond
this existing guideline, further specific suggestions have been derived from the scoping
review concerning the choice of rigorous filtering criteria for data samples and features;
the robust preprocessing and normalization of the data; the integration of prior biological
knowledge from public databases, from clinical covariates and multi-omics data; the
improvement of model interpretability; the progression from untargeted measurement
technologies with limited sensitivity to targeted high-sensitivity measurement
approaches; and the optimization of validation schemes using new robust bootstrapping
and bolstered cross-validation approaches. Moreover, a checklist of recommended
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items to cover in the study design and documentation has been proposed to improve the
quality and reproducibility of study results.
As a next step, the identified gaps and limitations, and the previously proposed
recommendations for the design of omics-based biomarker studies will be discussed
during a workshop with external experts in the field. This workshop will provide a final
revised list of gaps and proposed measures to address them.
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Background
The concept of personalised medicine is going to impact how pharmacological
treatments are discovered and developed, how patients are diagnosed and treated, and
how health care systems allocate their resources to maximize patient benefits.
Personalised medicine may be considered an extension of traditional approaches to
understanding and treating disease. Ideally, it could serve to take clinical decisions
based on a patient’s profile (often molecular, but the concept is broader) to minimise
harmful side effects, ensure a more successful outcome, and possibly help contain costs
compared with a “trial-and-error” approach to disease treatment (1).
Personalised medicine stems on the broad concept that managing a patient's health
should be based on the individual patient's specific characteristics, including age,
gender, height/weight, diet, environment, etc. Different understandings of personalised
medicine exist, in which three main positions can be identified (2):
(a) personalised medicine is not a new concept as medicine has always been
individualized;
(b) personalised medicine is holistic health care, centred around the needs of the
individual patient;
(c) personalised medicine is treatment targeted at stratified subgroups (e.g.
pharmacogenetics).
Even when the focus is restricted to the third position, there is not a unique definition of
personalised medicine, nor a straightforward terminology to define this concept. While
“personalised” emphasizes the notion of individualized— “this is exclusively designed for
you”, other more scientifically rigorous terms such as stratified medicine refer to the
identification of groups or strata of patients with specific molecular characteristics or
other determining factors which predict susceptibility to disease, disease prognosis,
and/or response to therapy. Some authors suggested that rather than considering
personalised medicine as a precise scientific concept, it should be understood as an
open and negotiable ideal that accounts for a plurality of visions, depending on people,
reasons and interests behind these alternative conceptions (3).
Regarding the terminology, in the European context, the term personalised medicine is
preferred, as this term best reflects the ultimate goal of effectively tailoring treatment
based on an individual’s ‘personal profile’, as determined by the individual’s genetic and
phenotypical characteristics. Other terms are widespread, for instance stratified
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medicine, mainly used in the UK, or precision medicine mostly used in US and broadly
referred to the 4 P (preventive, predictive, personalised and participatory) medicine.
While there may be small nuances in the literal meanings of these terms, they usually
refer to the same concept when applied in practice (4).
A recent review reported that the literature about personalised medicine usually refers
to two different semantic approaches. Firstly, patients’ stratification, that is grouping
individual patients in subpopulation according to their probability to have a therapeutic
benefit from a drug or regimen. Secondly, treatment tailoring, that is the individual status
of a patient (i.e., disease characteristics or subject’s genotype/phenotype) is the
rationale basis for drug choice (5).
A broad community of stakeholders, including funders and professionals involved in
medical research and care, are increasingly concerned with ensuring that the right
patient receives the right therapy, at the right dose and at the right time. The identification
of markers of mechanistic pathways or multiple variables characterising clusters of
subjects that might inform meaningful disease stratification may have different clinical
applications in the context of personalised medicine. Broadly, stratification may be
applied at the diagnosis level (e.g., to identify a particular pathophysiological/clinical
stratum within a heterogeneous patient population for diagnostic purposes), to predict
disease course (prognostic value), the development of a disease (predictive value), or
the response to therapy (theragnostic value).
Regardless of the application, any approach to personalised medicine should undergo
different phases: discovery, validation and definition of usefulness from a clinical
perspective. Robust methodological approaches are needed to deal with the complexity
and heterogeneity of the process, as well as the range of possible applications to
stratification using multidimensional data (what is meant by “molecular profiling” among
other terms).
Personalised medicine research
This series of scoping reviews mapped the general concept of methods for personalised
medicine, to set the basis for the discussion on robustness and reproducibility of
personalised medicine development programmes. The final goal was the identification
of standards and needs in terms of methodology of data generation, management,
analysis and interpretation to improve clinical studies in personalised medicine.
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The group of authors agreed on a common operational definition of personalised
medicine research: a set of comprehensive methods, (methodological, statistical,
validation or technologies) to be applied in the different phases of the development of a
personalised approach to treatment, diagnosis, prognosis, or risk prediction. Ideally,
robust and reproducible methods should cover all the steps between the generation of
the hypothesis (e.g., a given stratum of patients could better respond to a treatment), its
validation and pre-clinical development, and up to the definition of its value in a clinical
setting.
The process leading from the hypothesis to the clinic is complex and not always linear.
The Medical Research Council in UK recently developed a framework for the
development, design and analysis of stratified medicine (6) that is structured in six
themes:
Theme 1: Framing the Question/Defining the Population
Theme 2: Designing Stratum Discovery Studies; selecting variables, defining response
and powering
Theme 3: Assay Design; managing complexity and variability
Theme 4: Defining Strata; data integration, linkage to existing knowledge, linkage to
outcome
Theme 5: Stratum Verification
Theme 6: Progression Towards Clinical Utility
Any attempt for classifying the phases of personalised medicine may appear as an
oversimplification. However, a typical research programme in personalised medicine
would include: first a stratification cohort (in many cases a retrospective study reusing
data and biosamples from existing cohorts) with extensive multimodal data on which
stratification algorithms are run, then a validation cohort, normally prospective, that
assesses the reproducibility, robustness and validity of the clustering in another
sufficiently large patient sample. Thirdly, a translational step is often necessary. In some
cases, the use of pre-clinical models (cellular, in-silico, organoid) might be useful to give
confidence in the allocation of patients to specific treatment arms as identified through
clustering. Alternatively, the multi-omics profiles from clinical samples can lead to the
identification of new disease categories, prediction of disease prognosis, exploration of
drug sensitivity and dose selection. Finally, treatment options should be tested in the
9
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subgroups of patients in the context of clinical studies, ideally randomised clinical trials,
to generate evidence informing regulatory, clinical and coverage decisions.
However, many alternative pathways can be proposed. In some case, the stratification
provides detailed information on the mechanism of disease and strong indications on the
treatments to be tested in each patient cluster. This is for instance the case where
identification of driver somatic mutations in cancer cells suggests the targeted treatment
to be tested. In other cases, the stratification cohort includes data on response to an
established treatment, making the translational step less necessary. Research
programmes may be limited to the stratification step, in particular when no treatment is
available – this is the case for instance for taxonomy studies in neurodegenerative
disorders, aiming at identifying homogeneous clusters of patients. In any case,
personalised medicine research is a complex programme, with multiple steps and lasting
many years.
We considered out of the scope of this review the methods used for the clinical
implementation of personalised medicine, the manufacturing and use of individualized
treatments, and the pragmatic approach to individual patient care, such as n-of-1 trials.
Considering this framework outlined by Figure 1, the scoping reviews approached
personalised medicine research focusing on four main phases:
1. Methods for stratification and validation cohorts
2. Methods for machine learning applied to stratification
3. Pre-clinical methods for translational development of stratified therapies and
treatments selection
4. Methods for clinical trials in personalised medicine
This deliverable focuses on phase 2.
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Figure 1: Main steps in personalised medicine research programmes

Scoping review on machine learning methods for stratification in personalised medicine
In recent years, a wide variety of machine learning methods for diagnostic and
prognostic model building on disease-related omics data has been published.
To provide an overview of the current state-of-the art methodologies and identify gaps
and limitations, this scoping review investigates the available machine learning (ML)
algorithms and workflows for supervised and unsupervised patient stratification using
omics data, the validation methods for the resulting models and their practical realworld applications. Specifically, the following research questions have been posed:
d) Machine learning methods for stratification:
• What are the main types of supervised and unsupervised ML methods used for
omics-based stratification? What are the recommended workflows?
• What are the specific strengths/weaknesses and opportunities/limitations of
different stratification approaches?
e) Validation methods:
• Which validation methods are available to assess accuracy, robustness and
biomedical relevance? What are their strengths/weaknesses?
f) Applications:
11
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• Which practical utility has been demonstrated in real-world applications of omicsderived machine learning models? Which success stories have been reported and
what are the lessons learned?

Approaches (Methods)
We have conducted a scoping review following the methodological framework suggested
by the Joanna Briggs Institute 1. The framework consists of six stages: 1) identifying the
research questions, 2) identifying relevant studies, 3) study selection, 4) charting the
data, 5) collating, summarizing and reporting results and 6) consultation. We will
complete the last consultation step during a workshop together with partners of the
PERMIT project planned on December 1-2, 2020.
A study protocol reporting all methodological details was uploaded in the Zenodo
repository before conducting the present scoping review (see Appendix II). We used
the PRISMA-ScR (Preferred Reporting Items for Systematic reviews and MetaAnalyses extension for Scoping Reviews) checklist to report our results 2.
Study selection
For the retrieval of relevant studies, a keyword-based search was conducted in the
literature to address the pre-defined research questions. We searched PubMed,
EMBASE and Web of Science (search date: March 13, 2020). The methods team (RB,
CG, VP) defined the search strategies for identifying relevant keywords with the support
of the review team (EG, AR). We restricted inclusion to reports published from 2005 to
April 2020 (i.e. including “online first” articles with official publication date in the near
future) in English, French, Spanish, Italian and German language. All retrieved articles
were either journal publications or meeting abstracts from international conferences or
workshops (no other grey literature was included).
The search strategy aimed at retrieving a maximally comprehensive list of articles in the
biomedical literature that describe supervised or unsupervised machine learning
analyses for biomarker discovery or personalised medicine, including both discovery and
validation methods. Therefore, the search was carried out using synonyms and closely
related terms for the keywords “machine learning”, “personalized medicine / biomarkers”,
“omics” and “validation” as illustrated in Fig. 1 (whenever possible, controlled vocabulary
12
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terms from the Medical Subject Headings (MeSH) thesaurus by the US National Library
of Medicine were used to represent these keywords).

Fig. 2: Overview of keyword terms and associated terms and synonyms used for the
search to retrieve relevant articles for the WP4 scoping review. The full search
strategies are presented in Appendix II.

Eligibility criteria
The inclusion and exclusion criteria for the literature review are summarized below:
a) Articles to include:
• peer-reviewed methodology articles, review articles, opinion articles
• supervised and unsupervised AI methods for omics stratification
• associated validation methods (accuracy, robustness, clinical relevance)
• only approaches tested on real-world biomedical data (no purely simulated data)
b) Articles to exclude:
• Methods without clear biomedical utility (clear and demonstrated application)
• Articles with insufficient statistical validation (clear cross-validation or external testing
methodology, performance metric and test statistic)
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Apart from these inclusion and exclusion criteria, the literature review also aimed at
prioritizing articles from studies that led to clinically validated biomarker signatures or to
signatures tested on multiple cohorts with large sample sizes (i.e. including hundreds or
thousands
of
samples
per
studied
subject
group).
In the final full-text review stage, the pre-selected articles were grouped by topic,
categorizing articles into applied vs. methodological studies, supervised vs.
unsupervised analyses, and assigning algorithm type identifiers to each article (review
articles and papers on validation methodologies were considered as separate categories
without a specific algorithm type assignment).

Charting the data
We extracted both general study characteristics from the collected articles, as well as
more specific items related to our research questions. In particular, the data extraction
template consisted of the following generic and research question specific items:
Generic items:
Authors
Title
Journal
Volume
Issue
Pages
Year
Location
URL / DOI
Type of publication (e.g. journal article, meeting abstract)
Study population and sample size (if applicable)
Methodology/Study design
Outcome measures (if applicable)
Key findings that relate to the review question
Research question specific items:
Type of article / study: (1) methodology article, (2) applied research article, (3)
review article – methods, (4) review article – applications, (5) review article –
14
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validation approaches
Generic machine learning domain: (1) Supervised Methods, (2) Unsupervised
Methods
Name of specific machine learning approach used
The reviewers tested and refined the data extraction form using 5 records from the
retrieved article collection. The methods team provided feedback on the extracted data
and helped the review team to refine the form. Full data extraction was conducted by the
two reviewers working independently for all included articles. In the case of
disagreements, consensus was obtained by discussion.
Considering that many relevant research articles cover both methodological and applied
aspects, and that prior systematic reviews of machine learning approaches and omicsbased biomarker studies have already assembled key information from original research
papers on topics related to the research questions, we extracted information from three
main article types: (1) methodology articles, (2) applied research papers, and (3) review
articles on methods, applications and validation approaches.

Collating, summarizing and reporting results
A spreadsheet table was created, collecting the information from the key items described
in the section on ‘Charting the data’, using one column per item. To capture key findings
that relate to the review question, relevant sentences were extracted from each reviewed
article, and if needed, complemented by a brief explanatory remark by the reviewer. The
categorization of articles into different publication types, and the extraction of all relevant
details was done through manual inspection by the review team.
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Results
An overview of the filtering steps for the scoping review, including the number of records
included or excluded in each step is shown in the PRISMA flow diagram in Fig. 2. The
initial keyword analysis conducted for the scoping review provided 1164 retrieved
abstracts for further review. After the removal of duplicate records, 1079 remaining
records were used for a first-stage scoping review, focusing on the abstract-based prefiltering of studies for a subsequent full-text review.
Using the pre-defined eligibility criteria to filter the results, 502 abstracts were excluded
from further analysis, and 577 abstracts were retained for the full-text review.
We excluded articles without a statistical validation of the presented machine learning
models or providing only insufficient details on the validation results or methodology (67
articles removed), articles for studies with insufficient sample size (less than 50 samples
per group for the main conditions studied, unless a dedicated power calculation was
presented; 251 articles removed), articles from studies that did not use omics data as
input (19 articles removed), redundant articles that referred to the same analysis of the
same underlying study (2 articles removed), and articles for which the full-text version
could not be retrieved (4 articles removed). 234 full-text articles passed all filtering criteria
and were used for data extraction and analysis.
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Records identified
through initial database
search
(n = 1164)

Records after
duplicates removed
(n = 1079)

Records screened
(n = 1079)

Full-text articles
assessed for eligibility
(n = 577)

Records excluded
(n = 502)

Full text articles were excluded:
- Lack of adequate statistical validation
or insufficient details on validation: 67
- Insufficient sample size (at least 50
samples for the main conditions studied,
or demonstrated power calculation
results): 251
- No omics-scale data used: 19

Studies included
(n = 234)

- Redundant article (already covered): 2
- Unable to retrieve full-text article: 4
-

Fig. 3: PRISMA flow diagram

Machine learning methods for stratification
1. Research questions: What are the main types of supervised and unsupervised
machine learning methods used for omics-based stratification? What are the main
recommended workflows?
The categorization of the extracted full-text articles into different supervised and
unsupervised machine learning methodologies, according to the methods used in the
17
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underlying study, highlighted specific method types and workflows which are commonly
used among the studies that passed the filtering criteria for the review. When considering
methodology and application articles together, the great majority of studies described in
these articles used supervised classification methods to stratify the study population into
pre-defined conditions using omics data (96%). Only a minority of studies involved a
(prior) unsupervised discovery analysis of omics data, using clustering approaches to
define new strata in the study population (4%). While the supervised approaches make
use of existing disease outcome categorizations, the unsupervised analyses mainly aim
at proposing new patient-subgroup specific molecular signatures that reflect distinct
disease
sub-types
or
distinct
drug
responses.
Among the supervised machine learning methods described in these publications, the
most frequently used approaches include kernel-based classification methods (such as
support vector machines and relevance vector machines; representing 17% of the used
methods) and tree-based classifiers (such as random forests and decision trees; 15%;
see bar chart in Fig.3). Studies which applied multiple classification algorithms
separately (labelled “classification-multi-algorithm” in Fig. 1, 13%) or combined different
algorithms using ensemble learning approaches (label “classification-ensemble”, 8%)
were also common. Moreover, many articles covered study-specific classification
approaches which could not be grouped into generic types of machine learning methods
(labelled “classification-others” in Fig. 1, 18%).
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Fig. 3: Bar chart of the number of articles for each category of machine learning approaches used in
the underlying studies (covering application and methodology articles). Both supervised methods
(label “classification”) and unsupervised methods (label “clustering”) were considered, and only
articles that passed all filtering criteria in the full-text review were included. Study-specific
classification and clustering methodologies and algorithms that did not fall into standard categories
received the designation “classification-others”, or “clustering-others”, respectively.

The popularity of kernel- and tree-based machine learning approaches for supervised
omics data analysis may be explained by the specific strengths and benefits of these
methods for large-scale and noisy omics data (see detailed discussion in section 2 below
on strengths/weaknesses and opportunities/limitations of different stratification
approaches).
When considering the reviewed methodology and application articles separately, some
changes were observed in the rankings of commonly used approaches.
While kernel-based and tree-based methods were still the most frequent methods in the
applied studies (i.e. the studies applying existing machine learning methods without
presenting a new methodology, see Fig. 4), the most common types of approaches used
in methodology articles (i.e. articles proposing a new machine learning approach or
workflow) included data-type specific, structured machine learning methods that exploit
prior knowledge from molecular networks and pathways (labelled as “network-based”
19
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and “pathway-based” methods), and ensemble learning methods that combined multiple
algorithms (labelled “ensemble”, see Fig. 5). Furthermore, classification methods using
new penalty terms for regularization (labelled “regularization” in the bar charts), and
study-specific methods that did not fall into any of the generic categories (labelled
“other”) were also frequently used.

Fig. 4: Bar chart of the number of articles for each category of machine learning approaches used in
the underlying studies (covering application articles only). The inclusion criteria and labeling scheme
are the same as for Fig. 1.

Other categories of supervised learning approaches, such as neural network methods
(e.g. feed-forward neural networks), rule-based learning algorithms (e.g. JRip and
PART), simple linear methods (e.g. logistic regression and Fisher’s linear discriminant
analysis), and probabilistic approaches (e.g. Bayesian methods) were employed only in
a comparatively small proportion of applied or methodological studies. This may be due
to an expected inferior performance for of some of these methods (e.g. for simple linear
methods), due to the requirement for more complex parameter and topology choices (in
particular for neural network approaches), or due to the difficulty of defining informative
priors (for some of the Bayesian methods). However, except for the simple linear
methods, many of these underrepresented approaches have started to gain wider usage
20
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in omics analysis studies in recent years and may play a more important role in the
future.
Since unsupervised clustering approaches and semi-supervised machine learning were
used much less frequently than supervised methods among the filtered articles, the
relevant publications on clustering studies can only provide an indication of the relative
frequencies with which methodologies in this sub-category of machine learning methods
are used for omics stratification analyses. The results suggest that classical partitionbased approaches (e.g. K-Means, K-Medoids) are still the most frequently used
clustering algorithms, together with other study-specific clustering approaches that do
not fall into any of the generic categories of methods. More novel clustering approaches,
including neural network based and consensus clustering methods 3,4 occurred only
among the reviewed methodology articles but not among the application articles,
indicating that these approaches still need to gain wider awareness and acceptance
before becoming established tools in applied studies.

Fig. 5: Bar chart of the number of articles for each category of machine learning approaches used in
the underlying studies (covering methodology articles only). The inclusion criteria and labeling
scheme are the same as for Fig. 1.
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Concerning the workflows employed in the selected studies for model building and
evaluation, most studies used a partitioning of the available omics data into a training
set (for model building and optimization) and a validation set (for model assessment),
deriving their entire data from one cohort. A smaller subset of studies additionally carried
out an evaluation of the proposed machine learning models on an external test set, to
confirm the generalization performance of the model across distinct patient populations.
Large differences were observed for the more specific study decisions. Specifically,
diverse settings were used in terms of the relative number of training set, validation set
and test set samples, in terms of the cross-validation and or bootstrapping
methodologies applied, and the evaluation metrics used to assess accuracy, sensitivity,
specificity, robustness and reproducibility of the generated machine learning models
(see section on “Validation methods” below for details).
Specific workflows for the supervised and unsupervised machine learning analysis of
omics data were recommended in particular in the retrieved review articles. These
publications highlight the importance of using independent training data samples for the
model selection and building (including feature selection and parameter optimization)
and validation and test set samples for the model assessment to avoid information leaks
in the model building procedure. A common error in supervised omics analysis studies
highlighted in the review articles is to first conduct a feature selection on the entire
available data, and then to apply a cross-validation only after the feature selection has
been performed. Corresponding global feature selection procedures may result in overly
optimistic prediction performance estimates and decreased generalization ability of the
built models, because they leverage information from the cross-validation test sets in the
feature selection stage and are therefore not independent from this holdout data.
Moreover, some reviewed articles provide advice on procedures that can help to remove
or reduce noise in the data, and avoid model overfitting and underfitting. These include
suggestions to remove uninformative variables with zero variance or low variance 5, to
remove redundant variables with high correlation to other variables in the dataset 6, preprocessing categorical variables via one-hot-encoding 7, to apply a variance-stabilizing
transformation to the data if intensity-dependent variance patterns are observed in the
measured signals 8, to use regularization approaches for machine learning in order to
prevent model overfitting 9,10, and to combine the information from different model
building procedures via ensemble learning and meta-learning approaches to prevent
underfitting and increase the generalization performance 11–13. Since the practical
benefits of implementing these recommendations may partly depend on the specific data
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studied, cross-validation may be used in order to decide which of these suggestions to
follow.
2. Research question: What are the specific strengths/weaknesses and
opportunities/limitations of different stratification approaches?
One of the first design choices for patient stratification studies relates to the question
whether to investigate a previously proposed definition of the biomedical conditions or
outcomes to stratify (e.g. a previously proposed categorization of treatment-relevant
subtypes for the disease of interest, or a known difference in drug-response between
patient sub-groups), or whether to first conduct a discovery study to identify and
subsequently validate a new categorization of patients into clinically relevant sub-groups.
In the first case, the available pre-defined patient categorization can be used as a target
variable for supervised machine learning analyses, which involve the training and testing
of prediction models on patient-derived measurements (e.g. molecular, clinical or
imaging data) to identify signatures of data features that may serve as biomarkers for
stratification of the target variable. In the second case, if no pre-defined patient
categorization is available or the investigator seeks to identify an improved
categorization in terms of clinical relevance, robustness or sensitivity, unsupervised
machine learning methods can be used to discover new (sub-)categorizations from
patient-derived data. These categorizations should ideally enable a robust separation of
patients into treatment-relevant sub-groups, which either display significant differences
in drug response or represent distinct disease sub-types in terms of objectively
measurable molecular or clinical features.
In the surveyed articles, the majority of studies employed supervised analysis
approaches for patient stratification, while only few studies used either only
unsupervised analyses or a combination of unsupervised methods (for the discovery
stage) and supervised methods (for final model building and validation). This dominance
of purely supervised study designs might be explained by the following main strengths
of supervised stratification methods: (1) Using pre-defined patient outcome
categorizations rather than aiming at the discovery of new categorizations requires less
time and effort; (2) Reliable statistical power estimations are easier to obtain for
supervised analyses, because pre-defined outcome categorizations can be used to
examine the relative size of patient sub-groups and the variance in pilot measurement
data for these sub-groups (by contrast, for studies on the discovery of new sub-groups,
no prior information is available on the relative number, size and variance for the sub23
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groups); (3) The validation of supervised machine learning models via cross-validation
and external testing is often more reliable and robust than the validation of unsupervised
machine learning models, since typically no definitive external ground truth is available
to assess new clustering patterns identified by unsupervised methods, and the clinical
relevance of these patterns is often difficult to establish. However, if existing outcome
definitions for a disease of interest lack the required sensitivity or treatment-relevance
for a clinically relevant patient stratification, then an unsupervised discovery study for the
identification of an improved outcome categorization may be warranted. Thus,
supervised and unsupervised methods should not necessarily be regarded as alternative
options for patient stratification, but can fulfil different and complementary purposes. In
particular, combined approaches may involve the discovery of new outcome
categorizations through unsupervised methods as a basis for subsequent supervised
analyses.
Among the supervised machine learning methods discussed in the surveyed articles,
kernel- and tree-based approaches were used most frequently. The main benefits of
these methods that may explain their popularity include the reported high predictive
performances and runtime efficiency across a wide range of different machine learning
problems, e.g. the design of the random forest algorithm facilitates broad applicability
and fast parallelized implementations 14–16. Moreover, tree- and kernel based machine
learning methods include theoretically well-founded algorithms, which have been
developed more than two decades ago and tested successfully for many scientific and
industrial applications (such as Vapnik’s support vector machine 17 and Breiman’s
random forest 18). Finally, for these algorithms many adaptable implementations exist
which accept different types of quantitative and categorical data as input. This generic
applicability is however also associated with limitations in the ability of these algorithms
to exploit information from prior structured biological knowledge as opposed to other
data-type specific learning methods.
By contrast, in the reviewed methodology articles, the most frequently used methods
included structured machine learning approaches which are able to integrate prior
knowledge encoded in cellular pathway definitions and molecular interaction networks
into the model building procedure. These approaches, which make use of graph-based
data structures and dedicated regularization techniques to inform and guide the selection
of predictive features, have particular strengths in terms of the robustness and
interpretability of the resulting machine learning models. The robustness of the models
is increased by using the supplemental biological information to ensure that biologically
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plausible molecular features are selected for model building, which reflect regulatory
consistent cellular pathway alterations in the studied disease conditions. Additionally,
the model interpretability is improved by using molecular features for model building,
whose disease-associated alterations can be understood as coordinated molecular
network perturbations and visualized in a graph-based representation. However, as
opposed to generic machine learning approaches, pathway- and network-based learning
methods are only applicable if sufficient prior knowledge in the form of public molecular
network data is available for the relevant affected tissue or cell-type in the disease
condition of interest.
Validation methods
Research questions: Which validation methods are available to assess accuracy,
robustness and biomedical relevance? What are their strengths and weaknesses?
The robust, accurate and reliable validation of machine learning models is an essential
step in the development of biomarker signatures for stratification, and deserves equal
attention as the model building procedures. Validation has many aspects in biomarker
discovery: Apart from assessing the analytical validity of a prediction model, which
involves testing accuracy, reproducibility and reliability of the model, also the clinical
validity and relevance has to be established. This includes the interpretation and
verification of the model in terms of its biological plausibility, and mechanisms that link
the molecular features used as predictors in the model to the clinical outcome of interest.
A wide variety of validation schemes has been proposed in the literature for supervised
and unsupervised machine learning analyses, and this was also reflected by a multitude
of different validation approaches used in the surveyed studies for the scoping review.
The studies differ both in terms of the source and the partitioning of the data used for
validation, covering single-cohort and multi-cohort validations; different methods of
splitting the data into training, validation and test sets; diverse cross-validation,
bootstrapping and bolstering approaches, and metrics to quantify the predictive
performance, model robustness and significance.
While the majority of studies used a conventional partitioning of the collected omics data
samples into a training set, consisting of a subset of samples used for model building
and parameter optimization, and a validation set, consisting of a remaining hold-out set
of samples used for model evaluation, more pronounced differences between the studies
were observed in terms of whether an additional validation on an external cohort was
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performed, and in terms of the specific study design settings and used validation
methodologies.
Training/validation/test set partitioning: The most common study design settings
used approx. 50% of the samples as training set and 50% as test set, and only in a
minority of cases other training/test set splits, such as 66/34 or 80/20 were chosen. The
training set was then used for model building, and a cross-validation analysis applied for
model selection and parameter optimization. The resulting final model was evaluated on
the hold-out set, and in some studies also on an external test set from an independent
cohort. Fig. 6 illustrates a typical workflow for a validation analysis, covering the training
/ test set split of the data, the cross-validation on the training data, as well as an external
validation.

Fig. 6: Example for a commonly applied, generic validation scheme for supervised machine learning
of omics data, involving both cross-validation and external validation (figure adapted from Chua et al.,
Physiological Measurement, 2008).

Cross-validation schemes: Concerning the more specific settings and methodologies
for the cross-validation analysis, in most reviewed studies either a leave-one-out crossvalidation (LOOCV) was performed, or a 10-fold randomized cross-validation (10-fold
CV). Only a minority of studies used other schemes, such as randomized CV with 3, 5,
26
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6, 20, 25 or 45 cycles (typically using smaller numbers of cross-validation cycles when
the sample size was limited, but without providing detailed justifications for the specific
study design choices). Moreover, nested cross-validation designs, splitting the crossvalidation into an internal validation cycle for feature selection and parameter
optimization and an external validation cycle for a first-stage model assessment (also
referred to as two-level cross-validation), were only used in a minority of cases. To
increase the robustness of cross-validated model performance estimates, a subset of
studies used repeated randomized cross-validations, e.g. ranging from less extensive 5
times 5-fold CV schemes 19 to computationally very demanding approaches, such as
1000 independent repetitions of a bootstrap cross-validation process 20. More
specialized validation schemes, e.g. using different bootstrap resampling approaches 21–
23
, bolstered resubstitution 24, or a stratified or confounder-based cross-validation 7,25,26,
were only rarely applied.
LOOCV schemes have the benefit of facilitating reproducible research, because there is
no randomness in the training/test set partitions, and no seed numbers for the random
number generator need to be stored to reproduce the results. Moreover, LOOCV-based
performance estimates have a low bias, since in each cross-validation cycle, almost the
entire dataset is used for model building. A drawback of LOOCV is that the crossvalidated performance may display a large variability, resulting from the fact that only a
single data sample is used for testing in each CV cycle. LOOCV is also computationally
expensive, because if n data samples are available, the model needs to be fitted n times.
10-fold CV or general k-fold CV, where the parameter k ranged from 3 to 45 in the
reviewed studies, provides the benefits of a reduced computation time (only k CV cycles
are required) and reduced variance of the performance estimates, depending on the
parameter k. However, since k-fold CV tends to use significantly less samples to build
the individual models than LOOCV, these models may be less robust. When choosing
between randomized k-fold CV or stratified k-fold CV, the randomized approach is
typically the recommended setting for large sample sizes, ensuring that there is no
human bias in the assignment of samples to the CV cycles. By contrast, a stratified
approach may be suitable when the sample sizes are smaller, the studied outcomes are
imbalanced, or confounders are expected to influence the results. For a randomized kfold CV design, the researcher also needs to define and document the seed numbers
for the random number generator in order to ensure reproducibility of the results.
Apart from the common CV schemes discussed above, more specialized approaches
include bootstrapping (involving random sampling with replacement) and bolstering
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(modifying the empirical distribution of the data by placing kernels at each data point and
then estimating performance on the resulting bolstered empirical distribution with the aim
to reduce both bias and variance of the performance estimates). These methods are
only rarely used, but may have advantages in particular on small datasets 27. More
details on the practical set-up of internal and external validation cohorts can be found in
Work Package 2 – Deliverable 2.1 on “Methods for stratification and validation cohorts”.
Apart from the choice of the cross-validation scheme, a further key element of validation
approaches is the selection of metrics for quantitative model performance evaluation.
As expected, the used model assessment metrics among the surveyed articles mainly
differed depending on whether the studied outcome was categorical, numerical or a
censored survival outcome. Overall, the filtered and surveyed studies covered the
following main types of outcome prediction: (1) Two-group disease condition prediction
(e.g. comparing two disease sub-types, or a case and a control condition); (2) Disease
condition prediction with more than two groups (e.g. comparing multiple disease subtypes; (3) Treatment response and drug sensitivity prediction; and (4) Prediction of future
disease outcomes using censored data (e.g. survival prediction).
For two-group disease condition prediction, the majority of relevant surveyed studies
assessed the performance of the built prediction models in terms of accuracy
(sometimes expressed as error rate), sensitivity (= recall, hit rate, or true positive rate)
and specificity (= selectivity, or true negative rate) using cross-validation or an external
test set. Many of these studies also determined the area under the receiver operating
characteristic curve (AUC), which accounts for both the sensitivity and specificity of a
model. Additionally, some studies evaluated the positive predictive value (= precision)
and the negative prediction value, or focused on precision and recall in addition to
accuracy. However, among the studies using multiple metrics, these latter combinations
occurred significantly less frequently than the most popular combination of accuracy,
sensitivity and specificity. Other evaluation scores, such as the F1 score (= F-score, Fmeasure), Matthew’s correlation coefficient, balanced accuracy, geometric mean score
(= G-mean), the area under the Precision-Recall curve (PR AUC) and Cohen’s Kappa
were only used in a small minority of studies.
While the accuracy is a natural choice as evaluation score and easy to interpret, high
accuracies can be misleading on imbalanced datasets with a large difference between
the number of covered case and control samples. Such imbalances were common
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PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825

among the surveyed studies, and may be explained by difficulties in recruiting sufficient
control samples in many case-control studies for common diseases, or by an
underrepresentation of case samples for studies of rare diseases. Moreover, apart from
the class imbalance problem, not every investigated sample class or condition may be
equally important to the investigator. Thus, it is recommendable to consider both
sensitivity and specificity of binary classification problems, to determine class-weighted
accuracies, or to use scores that balance sensitivity and specificity related measures,
such as the G-mean, the balanced accuracy, or Matthew’s correlation coefficient.
Moreover, by plotting a receiver operating characteristic (ROC) curve, researchers can
examine the tradeoff between true-positive and false-positive rate for all possible class
assignment thresholds of the predicted target variable. The area under ROC curve
should however not be used as performance measure when the data is heavily
imbalanced, e.g. when the influence of the false-positive rate on the final score is
reduced by a large number of true negative predictions. In summary, for the final
performance scoring on imbalanced data, it is always preferable to choose one of the
balanced performance measures.
For multi-group prediction problems, accuracy, Cohen’s Kappa and Matthew’s
correlation coefficient were mainly used as evaluation metrics, and in some cases,
confusion matrices were presented to evaluate the prediction outcomes. Similar to binary
classification, the accuracy is also an inadequate performance measure for multi-class
prediction problems when class imbalances occur or certain classes are more relevant
for the investigator than others. Moreover, limitations and pitfalls have also been
described for the Kappa statistic for imbalanced class distributions, and Matthew’s
correlation coefficient has therefore been proposed as an alternative 28.
For treatment response prediction problems, when the outcome is categorical, the
same two-category or multi-category evaluation metrics may be used as for other
classification problems (see discussion above). For numerical outcomes, the root-meansquared-error (RMSE) and the (adjusted) R² (= coefficient of Determination) were mostly
used in the reviewed articles, but also the scale-agnostic Pearson correlation coefficient
(PCC) was reported as an additional measure in some studes, while the mean absolute
error (MAE) was typically not presented.
As the RMSE squares prediction errors before averaging, it penalizes large errors, and
is therefore one of the preferred choices in biomedical data analysis settings, where
large errors and outliers are particularly undesired. By contrast, the MAE does not
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penalize large errors and outliers as strongly as RMSE, and is consequently mainly of
interest for settings in which such outliers are not expected to occur.
The R² enables a comparison of a prediction model with a constant baseline, revealing
by how much the proposed model is better than the baseline. However, a major limitation
of the R² is that the score improves on increasing terms even if the model does not
improve. The adjusted R² has therefore been introduced as a complementary measure,
and only shows a score improvement if the model’s predictive performance really
improves. A particular benefit of the R² and adjusted R² is their interpretability, because
the resulting score can be explained as a percentage of the output variability. By
contrast, the RMSE or MAE are the preferred choices for comparing the performance
between different regression models.
For survival prediction, the surveyed studies mostly used Harrell’s C-index 29 (=
concordance index, C-statistic), the log-rank test and Kaplan-Meier curves to evaluate
their findings. The C-index, a goodness of fit measure for models generating risk scores,
is often considered as the method of choice to measure and compare the discriminative
power of risk prediction models with censored data. By contrast, the log-rank test does
not aim at the direct evaluation of risk prediction models, but rather provides a statistical
test to assess the null hypothesis of no difference between compared study groups. This
test is therefore mainly of interest to evaluate the usefulness of a proposed patient subcategorization in terms of revealing a significant difference in the Kaplan-Meier survival
curves (the curves themselves enable a visual comparison of the patient sub-groups,
complementing the quantitative outcome evaluation). In short, the commonly used
generic approaches for the assessment of survival prediction models also represent the
evaluation methods of choice for omics-based risk and survival prediction problems.
Overall, across different prediction problems, the general recommendation for both
model selection and validation is not to focus on a single evaluation metric, but to use a
basket of complementary scores, chosen according to the nature of the data and the
main questions of interest. The combination of a detailed evaluation of prediction results
using multiple of these performance metrics with a rigorous nested cross-validation
scheme, as well as independent validation on an external cohort, provides a suitable
framework/basis to obtain robust and informative study findings.
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Applications
Research questions: Which practical utility has been demonstrated in real-world
applications of omics-derived machine learning models? Which success stories have
been reported and what are the lessons learned?
Multivariate molecular diagnostic signatures derived from omics data are often regarded
as a key technology for the development of future precision medicine approaches.
However, since the introduction of the first high-throughput experimental molecular
profiling approaches for omics data collection two decades ago, only a limited number
of omics-derived molecular signatures have been validated clinically as laboratory
developed tests (LDTs) or FDA approved diagnostic or prognostic tests. In the following
section, prominent examples for success stories are discussed, focusing on clinically
approved tests highlighted in Table 1, and summarizing some of the lessons learned
from early experiences in omics-based diagnostics.
The first and most well-known omics-derived molecular test to receive FDA clearance
was MammaPrint, a prognostic signature using the RNA expression activity of 70 genes
to estimate the risk for distant tumor metastasis and recurrence in early-stage breast
cancer patients 30–35. This test had been developed at the Netherlands Cancer Institute,
where researcher had used DNA microarray analysis to investigate primary breast
tumors of 117 patients. They applied supervised machine learning to the resulting data
to identify a gene signature that was highly predictive of a short interval to distant
metastases in lymph node negative patients 30.
The success of this signature in later validation studies 31–35 may at least partly be
explained by a robust filtering and cross-validation strategy used in the initial discovery
study. From 25k genes represented on the DNA microarrays, only those significantly
regulated in more than 3 tumors out of the subset of 78 sporadic lymph-node negative
patients were preselected, and further filtered by retaining only the genes with a
minimum absolute correlation with the disease outcome of 0.3. The resulting list of 231
genes, rank-ordered by absolute correlation, was further filtered by sequentially adding
the current top 5 genes from the list to a candidate machine learning classifier and
evaluating its performance by LOOCV. This procedure was repeated as long as the
estimated accuracy of the classifier improved, providing a final candidate signature of 70
genes. This final signature was validated on multiple independent test sets (including a
limited set of 19 external samples in the original study, but several additional validations
on other independent samples were performed in subsequent studies 31–35).
31
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Name

Test approval (FDAcleared and/or LDT)

Purpose

References

MammaPrint

FDA-cleared, LDT

breast cancer risk-ofrecurrence assessment

31–35

ColoPrint

LDT

colon cancer
development of distant
metastasis prediction

36–41

Prosigna Assay / PAM50

FDA-cleared, LDT

breast cancer risk of
distant recurrence
prediction

42–46

Oncotype DX

LDT

breast cancer risk-ofrecurrence assessment

47–51

Decipher

LDT

prostate cancer
metastatic risk
prediction

52–57

Cancer Type ID

LDT

predict tumor type for
cancers of unknown /
uncertain diagnosis

58–61

Afirma™ Gene
Expression Classifier

LDT

discriminate between
benign and cancerous
thyroid nodules

62–67

Foundation One Heme

LDT

test for hematologic
malignancies, sarcomas,
or solid tumors

68–71

AlloMap Heart

FDA-cleared, LDT

identifying heart
transplant recipients
with risk of cellular
rejection

72–75

Corus CAD

LDT

identify obstructive
coronary artery disease

76–80
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Tab. 1: Examples of clinically approved omics-derived diagnostic or prognostic tests (synonyms for
the same test are separated by the “/”-symbol). FDA-approval status was checked on the web-site
https://www.fda.gov/medical-devices/vitro-diagnostics/nucleic-acid-based-tests and reflects the status
as of Oct. 22nd 2020.

The MammaPrint signature also provided the role model for the subsequent
development of a similar prognostic test for colon cancer, ColoPrint (launched by
Agendia, the same company that had previously brought MammaPrint to the market) 36–
41
. This test aims at detecting the approx. 20% of patients with stage II colon cancer that
will experience a relapse and develop distant metastasis. It uses an 18-gene expression
signature, which was developed from DNA microarray data in a similar fashion as the
MammaPrint signature. The success of this diagnostic tool, which has been made
available commercially as an LDT to assist physicians in selecting suitable treatment
options for colon cancer patients, may again be explained by extensive and robust
discovery and validation studies, which involved multiple reproducibility, stability and
precision analyses across independent patient cohorts 81.
A further cancer-related LDT, which is already on the market and has received FDA
clearance in 2013, is the Prosigna™ Breast Cancer Prognostic Gene Signature Assay
(previously called PAM50 test) by the company NanoString 42–46. This assay assesses
mRNA expression for a signature of 58 genes (50 target genes + 8 endogenous control
(housekeeping) genes, called PAM50 signature) in order to predict the risk of distant
recurrence of hormone-receptor-positive breast cancer from 5 to 10 years after diagnosis
(prerequisites are that the patients have been treated with hormonal therapy and
surgery, and are stage I or stage II lymph-node negative, or in stage II with one to three
positive nodes). Similar to MammaPrint, the development of the test started with a
genome-wide discovery study using microarray data and used a filtering approach
involving multiple statistical tests and cross-validation to propose a subset of genes as
candidate markers 82. The authors compared the reproducibility of classification scores
across three centroid-based prediction methods to ensure the robustness of the
methodology. By further developing the approach first into a more sensitive PCR-based
test, and then into an assay using a single hybridization reaction in the NanoString
nCounter Dx Analysis System, the accuracy of the mRNA profiling was improved in a
step-wise fashion. Large sample sizes in the original discovery study (with a training set
of 189 samples, test sets of 761 patients evaluated for prognosis, and 133 patients
evaluated for prediction of pathologic complete response to a taxane and anthracycline
treatment) in combination with robust validation approaches and the continuous
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improvement of the used measurement technology may explain the successful
progression of this test to FDA clearance.
Among the LDTs for breast cancer prognosis, Oncotype DX® by the company Genomics
Health is a further test which has gained wide acceptance on the market 47–51. The
underlying gene signature consists of 16 cancer-associated genes and 5 reference
genes (the assay is therefore often also called 21-gene assay). Its main application is to
predict risk of recurrence in estrogen-receptor positive tumors. The treatment relevance
of this prognostic tool derives from a strong association of the resulting recurrence score
with the probability of positive treatment response to chemotherapy. Oncotype DX was
developed through a multi-step filtering procedure, starting with the RT-PCR assessment
of 250 candidate genes across 447 patients from three distinct studies to identify the 21gene signature, and clinically validating a recurrence score algorithm built on this
signature on 668 independent patients 83. The selection of the 16 cancer-related genes
included in the assay was mainly based on their performance in all three studies and the
consistency of the primer/probe performance in the assay 84.Thus, particular strengths
of the development process for this LDT include the consideration of both technical
robustness and statistical robustness of the assay across distinct cohorts. However, an
independent comparative clinical validation of Oncotype DX and the PAM50 signature
for estimating the likelihood of distant recurrence in ER-positive, node-negative, postmenopausal breast cancer patients treated with endocrine therapy suggested that the
PAM50 signature provided more predictive information than Oncotype DX 85.
The Decipher® Prostate Cancer Test (GenomeDx Biosciences) 52–57 stands out from
other omics-derived diagnostic tools in that it is provided together with an additional
software platform and database, the Decipher Genomic Resource Information Database
(GRID), which captures 1.4 million expression markers per patient to facilitate
personalised care. The test itself uses only 22 preselected RNAs from the 1.4 million
covered by the measurements to predict clinical metastasis and cancer-specific mortality
for patients who have undergone radical prostatectomy. An initial discovery study by the
Mayo Clinic (Rochester, MN, USA) investigated a cohort of 545 such patients, splitting
them into training (n = 359) and validation (n = 186) cohorts. Similar to other LDTs, the
discovery started with a genome-wide profiling (covering 1.4 million RNAs) and used
both statistical and machine learning steps for filtering: first applying T-tests (reduction
to 18,902 differentially expressed RNAs), then regularized logistic regression (reduction
to 43 candidate markers), and finally a random forest based feature selection (reduction
to final set of 22 RNAs). Apart from testing the signature in the validation cohort, further
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external validations on independent samples were performed in subsequent studies 52–
57
. Overall, key strengths of the used approach include the enhanced interpretability of
the test results through the supporting analyses on the GRID platform, and the
robustness of the discovery and validation approach, involving large sample sizes and
several complementary statistical and machine learning assessments.
While the diagnostic tests in oncology typically focus on one particular cancer type, a
dedicated LDT has also been developed for cancers of unknown or uncertain diagnosis.
The corresponding Cancer Type ID® test by bioTheranostics distinguishes between 50
tumor types using a 92-gene RT-PCR expression measurement signature 58–61. This
signature has been derived from analyses of a microarray data collection covering 446
frozen tumor samples and 112 formalin-fixed, paraffin-embedded (FFPE) samples of
both primary and metastatic tumors. The data analyses used K-nearest neighbor
classification and a genetic algorithm to explore the search space of possible feature
subset selections. After successful cross-validation (84% accuracy) and external
validation (82% accuracy on 112 independent FFPE samples) of the microarray-based
signature, it was translated to more sensitive RT-PCR measurements and tested on a
further validation set, providing an increased accuracy (87%). Key characteristics of the
development process that may have contributed to the positive validation results include
the efficient and extensive exploration of the space of possible gene subset selections
via a genetic algorithm, the large sample sizes used for discovery and validation, and
the transfer of the assay from microarrays to the more sensitive RT-PCR platform.
Apart from the omics-derived biomarker signatures in oncology that focus on the most
frequent cancer types, a less well-known application relates to thyroid cancer diagnosis.
Typically, deciding whether a thyroid nodule is benign or cancerous is directly possible
via a fine needle aspiration (FNA) biopsy, without requiring more complex
measurements or analyses. However, while direct FNA-based diagnosis works in most
cases, indeterminate results can occur 67. To help prevent unnecessary surgeries for the
corresponding patients, a molecular signature and LDT was developed to discriminate
between benign and cancerous thyroid nodules, the Afirma™ Gene Expression
Classifier (GEC) 62–67. The original discovery study behind the GEC signature used
mRNA expression analysis in 315 thyroid nodules, covering 178 retrospective surgical
tissues and 137 prospectively collected FNA samples. The authors trained two machine
learning classifiers separately on surgical tissues and FNAs, assessing the test set
performance on 48 independent prospective FNA samples (50% of which had
indeterminate cytopathology). Discriminative features were selected using a linear
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modeling approach implemented in the software Limma, and a linear support vector
machine was used for model building and initial performance estimation via 30-fold CV.
The successful validation results were later confirmed on multiple distinct cohorts. While
the used 30-fold CV approach is unusual, the well-established feature selection and
modeling approaches, and the extensive external validation across multiple cohorts with
large sample sizes may account for the success of this LDT.
Most omics-based diagnostic tests are based on pure gene expression profiling
analyses. One of the first LDTs that integrates information from both RNA and DNA
sequencing is the FoundationOne™ Heme assay by the company Foundation Medicine
68–71
. This assay aims to detect hematologic malignancies, sarcomas, pediatric
malignancies, or solid tumors (including among others leukemias, myelodysplastic
syndromes, myeloproliferative neoplasms, lymphomas, multiple myeloma, Ewing
sarcoma, Leiomyosarcoma, and pediatric tumors). The test identifies four types of
genomic alterations (base substitutions, insertions and deletions, copy number
alterations, rearrangements) and reports microsatellite instability and tumor mutational
burden to facilitate clinical decision making. The approach was originally developed and
evaluated using reference samples of pooled cell lines in order to model the main
characteristics that determine the test accuracy, including mutant allele frequency, indel
length and amplitude of copy change 69. A first validation using 249 independent FFPE
cancer samples that had already been characterized by established assays confirmed
the accuracy of the test. Later external validation studies on independent cohorts also
corroborated the utility of the test for different applications 68,86.
While most clinically approved omics-derived tests have been developed in the field of
cancer research, one of the first LDTs that received FDA clearance for a non-cancer
disease was the AlloMap® Heart test by the company CareDx (formerly called XDx Inc.)
72–75
. It uses a gene expression profile signature of 11 target genes and 9 control genes
in peripheral blood from heart transplant recipients to estimate the risk for acute cellular
cardiac allograft rejection. The multi-stage development process involved statistical
analyses of leukocyte microarray profiling data from 285 samples and DNA library
screening, subsequent RT-PCR validation and bioinformatics post-processing 75. Prior
knowledge from database and literature mining was integrated into the microarray
analysis by using known alloimmune pathways and the statistical array analysis results
to narrow down 252 candidate marker genes. The RT-PCR validation on 145 samples
confirmed 68 of the candidate genes, which distinguished rejection samples from
quiescent samples by T-test (p < 0.01). Six genes were eliminated due to significant
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variation in gene expression with sample processing time. Next, correlated gene
expression levels were averaged to create robust meta-level features (so-called
metagenes, and 20 of these features were added as new variables). A linear discriminant
analysis (LDA) was then performed on the training data, providing a final model that used
four individual genes and three metagenes, constituting 11 original genes in total. Robust
bootstrap validation procedures and external test set validations were performed to
confirm the validity of the signature. Overall, distinctive aspects of the discovery strategy
that may have led to the success include the knowledge-based gene discovery, the
stringent RT-PCR validation of candidate genes, and the extensive filtering and
validation analyses.
The first clinically validated LDT for a cardiovascular indication was the Corus ® CAD
test, developed to identify coronary artery disease (CAD) in stable non-diabetic patients
76–80
. In contrast to other omics-based tests, the Corus CAD test score is not purely based
on a molecular signature, but also takes the clinical covariates gender and age into
consideration. The initial discovery study used a retrospective microarray analysis of
blood samples from 195 diabetic and non-diabetic patients of the Duke University
CATHGEN registry. After assessing the studied genes in terms of statistical significance
and biological relevance, 88 genes were selected for RT-PCR validation. Since diabetes
as clinical covariate was significantly associated with gene expression alterations, and
the identified CAD-associated genes did not overlap between diabetic and non-diabetic
patients, the authors decided to limit follow-up work on non-diabetic patients only. In a
prospective clinical trial, the PREDICT study, microarray profiling was conducted on
blood samples from 198 patients, and top-ranked genes were further validated using RTPCR on 640 PREDICT blood samples. After multiple filtering steps, taking into
consideration statistical significance using T-tests, biological relevance, gene correlation
clustering and cell-type analyses into account, a final signature of 23 genes was derived
(20 CAD-associated genes, and 3 reference genes) 87. The final prediction algorithm
also adjusted for differences associated with age and gender to maximize the predictive
performance. Overall, compared to other diagnostic development approaches, Corus ®
CAD stands out by taking clinical covariates into account in the final prediction model,
and has benefitted from the critical review and adjustment of the inclusion criteria
(limiting the focus to nondiabetic patients), as well as from a multitude of rigorous filtering
and validation analyses using large sample sizes.
In summary, the clinically validated omics-derived biomarker signatures share common
characteristics that provide plausible explanations for their success and may serve as a
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guideline for future studies: 1) rigorous statistical, clinical and biological filtering criteria
applied in the discovery study, including strict and specific inclusion and exclusion
criteria for the samples, well-established univariate and multivariate statistical filters for
the molecular features, machine learning guided wrapper-based feature selection,
integration of prior biological knowledge from public pathway and annotation databases,
from clinical covariates or from multiple omics data types into the data filtering and
analysis procedures; 2) continuous technical improvements, such as the transfer from
microarray technology to higher-sensitivity RT-PCR or deep RNA sequencing; and 3)
robust cross-validation, bootstrapping and external validation schemes involving multiple
performance metrics, large sample sizes, and multiple cohorts. While most successes
in the clinical translation of omics-based biomarker discoveries have been achieved in
the field of oncology, first success stories for other types of complex diseases indicate
that the concept of multivariate molecular diagnostics is gaining wider acceptance across
different sub-disciplines in biomedicine, which can benefit from the lessons learned of
previous
clinical
studies.
Identified gaps
The scoping review of machine learning methods for omics-data based patient
stratification highlighted multiple types of common methodological shortcomings, a lack
of standardization and various knowledge gaps. In the following sections, first the main
types of identified gaps and limitations are discussed, and then recommendations
derived from review articles to address some of these gaps are presented and a future
outlook is provided.
Study design and sample size: Many articles identified in the first review stage did not
meet the inclusion criteria: 251 out of 577 full-text articles (43.5%) assessed for eligibility
were filtered out due to insufficient sample sizes for the presented experiments (each of
the main study groups was required to be covered by at least 50 samples, or
alternatively, the chosen sample size needed to be justified by a dedicated power
calculation) or due to insufficient information on the study design (e.g. missing
information on sample sizes per group). This suggests that the challenge of recruiting a
sufficient number of participants per study group or conducting an adequate number of
omics profiling experiments for robust model building and validation analyses is not
achieved in a large proportion of omics biomarker discovery studies, and that many
studies are either statistically underpowered or lack adequate documentation for the
study design. Even most of the included articles, which fulfilled the minimum sample size
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requirements, did not present power calculation results. While the lack of a power
calculation is not necessarily affecting the interpretation of the study findings as long as
robust validation results on multiple large cohorts are presented, the design of new
studies may involve a significantly higher risk of failure if no power estimation is
conducted early in the preparatory phase for the project. Thus, standardized procedures
and recommendations for conducting and documenting power calculations could be a
means to improve many study designs, and the lack of such standard guidelines
represents a current gap in the field.
Statistical evaluation: 67 out of the 577 reviewed full-text articles (11.6%) lacked an
adequate statistical validation of the proposed biomarker prediction models, i.e. showing
no cross-validation or external validation results, or providing insufficient information on
the corresponding methodology (e.g. not clarifying whether the feature selection was
included in the cross-validation or first applied globally to the entire dataset). Clear and
standardized step-by-step guidelines for applying well-established validation workflows
and providing sufficient documentation for the methodology and the used performance
metrics are currently missing.
Clinical applications and primary/secondary outcome definitions: A further common
limitation among the reviewed articles, is that the main biological application of the
modeling approach is not clear. Often a machine learning approach is used to predict
multiple disease-associated outcomes, and no clear primary outcome and secondary
outcomes have been defined. This may lead to biased classification results and a
problem known as “p-value hacking” in the literature, referring to the conscious or
subconscious malpractice of running multiple model building approaches in parallel
(differing only in terms of the target variable, model parameters or cross-validation
settings) and then only selecting those for presentation that show the most significant
predictive performance.
Multiple hypothesis testing: While it is in principle desirable to compare multiple modeling
approaches and study multiple target variables, the significance scores computed for
these models need to be adjusted for multiple hypothesis testing in order to prevent likely
false positive discoveries. For this purpose, the prior fixing of all model settings and
parameters and all input and output variables before the validation phase is required, in
order to ensure that information leaks during the validation and inappropriate parameter
tweaking cannot occur and lead to an underestimation of a model’s generalization error.
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Reproducibility and study design documentation: A further important issue highlighted
by the scoping review is reproducibility. Many of the analyzed studies use nonreproducible cross-validation schemes, e.g. k-fold cross-validation without specifying the
seed number used to initialize the random number generator, or do not specify all
relevant modeling parameters. This can be avoided by providing a complete
documentation of parameter and seed number settings, used software and programming
library versions, and by focusing on validation schemes that facilitate reproducibility (e.g.
leave-one-out cross-validation).
Not all reproducibility issues in omics-derived biomarker studies can be ruled out
completely. For example, biological and technical variability are inherent features of
molecular profiling experiments, and make perfect reproducibility of modeling results
across independent samples and patient cohorts impossible. However, by using robust
study designs with large sample sizes per study group, informed by prior power
calculations, a sufficient degree of reproducibility can be achieved even in settings with
high variability. Small pilot omics studies in combination with non-parametric statistical
approaches for power estimation can provide robust estimates of adequate sample sizes
for a larger-scale biomarker discovery study 88. Many of the successful clinically validated
diagnostic molecular signatures increased the statistical power and technical
reproducibility during the course of the study, by transferring omics-derived findings to
more sensitive, targeted experimental profiling approaches, such as RT-PCR or targeted
sequencing (see Applications section).
Apart from experimental methods, biomarker discovery approaches involving automated
computational text-mining of the biomedical literature also face reproducibility issues.
Local storage of the current version of an entire literature database of full-text articles,
e.g. PubMed, Scopus, or ScienceDirect, is often infeasible. However, the text-mining
approach and the articles retrieved by it can be documented comprehensively to provide
sufficient stored evidence for text-mining guided selections of candidate biomarkers, and
to enable a comparison with future updated literature mining analyses.
Sampling/blocking design, batch effects and biases: Further aspects related to
reproducibility, which were often not sufficiently documented in the reviewed articles,
include the following items: (1) the biological sampling design (i.e. how the samples were
collected and the blocking design, reflecting the arrangement of experimental units into
separate blocks); (2) the detailed characteristics of the experimental measurement
device or platform (e.g. mass spectrometry analyses often use custom parameter
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settings and sample processing approaches); (3) the sample selection and matching
strategy (e.g. detailing whether cases and controls were matched with respect to
common confounding factors, such as age, gender, and body-mass index); and (4) the
measurement design (i.e. the arrangement of samples in the measurement instrument).
Studies involving measurements in different batches or blocks may often be confounded
by batch effects, i.e. the observed differences in measurements between the study
groups may result from an imbalanced representation of these groups across the
measurement batches rather than from real biological differences. Thus, a general
recommendation for omics biomarker discovery studies is to prevent potential influences
of batch effects on the study findings by using a study design that either combines all
measurements within one batch, or ensures a balanced representation of study groups
across different batches. Statistical modeling and adjustment for batch effects is also
possible in theory, but this modeling is often imperfect on noisy omics data and
significantly less reliable than avoiding batch effects in advance by improving the study
design.
Currently, the discussion of potential batch effects in studies which involve a blocking
design is often missing in the biomedical literature. Similar information gaps also exist
for the discussion of potential biases resulting from the focus on a single experimental
measurement platform or a single patient cohort, with demographic, clinical and
geographic characteristics that are not comparable to other cohorts.
Recommendations from the literature
Data pre-processing, filtering and normalization: An important discussion in the field of
biomedical data science relates to the question to which extent data normalization and
processing procedures for omics data, which aim at removing noise and outliers from
the raw data, may in some cases also result in a loss of relevant information in the
original input data. One review article mentions that preprocessing pipelines often lead
to some loss of information and a compressed view of the biological signal, but still
highlights the importance and necessity of applying noise filtering and normalization
methods 89. However, most reviewed articles discussing pre-filtering and normalization
approaches unreservedly recommend the application of common preprocessing
approaches, or even suggest to assess ensembles of preprocessing methods, arguing
that there is likely no “best” preprocessing pipeline for all types of input datasets 13. This
is in line with the “No free lunch theorem” of machine learning, showing that for two
different algorithms in general the off-training set error for common loss functions is
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never consistently lower for one algorithm across all problem instances 90. More recently,
researchers have proposed to reduce data engineering prior to the analysis by applying
deep learning algorithms, which may be capable of extracting relevant patterns for
diagnostic or prognostic predictions directly from untransformed data 91. However,
current deep learning algorithms require adequate input data with large sample sizes,
and it remains to be seen for which applications and to which extent these new
methodologies can provide significant improvements beyond existing learning
algorithms on biomedical omics data.
Integration of prior biological knowledge & multi-omics analyses: A further question of
significant practical relevance addressed by many of the reviewed articles is under which
circumstances and to which extent the integration of complementary biological
information into diagnostic machine learning models, e.g. from multi-omics data or from
public pathway and annotation databases, can be expected to provide significant
performance improvements. For drug response prediction, different study findings
suggest that most of the variability in the drug response levels can already be explained
by transcriptomics data, while other omics only marginally improved the predictive
performance 89. Similarly, a benchmark study of multi-view clustering algorithms for
cancer omics data concluded that single-omic data alone sometimes provides superior
results compared to multi-omics data 92. However, most of the surveyed articles involving
multi-omics analyses or integrating other prior biological data in machine learning
models benefitted from the integration of the additional information. Specifically, Bochare
et al. report that integrating domain knowledge into supervised machine learning for
breast cancer risk assessments (e.g. data on family history and age) leads to improved
performance compared to conventional classification approaches 93; Bhak et al. suggest
to combine blood methylome and transcriptome data to improve predictions of
depression and suicide risk 94; Chaudhary et al. propose a multi-omics integration of
RNA-seq, miRNA-seq and methylation data for the robust prediction of liver cancer
survival 95; Rao et al. report that a multi-omic biomarker panel for diagnosing
posttraumatic stress disorder results in a small improvement in performance in
comparison to individual single-omic panels 96; and Pujos-Guillot et al. showed that
integrating metabolomic and proteomic data within a random forest model improved both
performance and robustness of predictions in a metabolic syndrome case-control study
97
. However, in most of the previous studies comparing single-omics and multi-omics
approaches, or the inclusion and exclusion of other domain knowledge, the prediction
results are compared without providing a statistical assessment of the significance of the
difference in average performance estimates.
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To facilitate integrative omics analyses, dedicated machine learning approaches 9,98 and
a generic framework for multi-cohort and multi-omics meta-analyses 99 have been
proposed. Moreover, apart from the integration of multi-omic data, also the joint machine
learning analysis of multi-tissue and multi-organ data has been proposed for specific
types of complex disorders, e.g. to study inborn errors of metabolism 100. These tools
and frameworks may provide a basis for developing standard recommendations and
guidelines for multi-omics biomarker discovery and validation projects in the future.
Ensuring model interpretability and biological plausibility: While the evaluation of most
omics-derived biomarker signatures focuses on assessing the analytical validity (i.e.
estimating the predictive accuracy, the reliability and reproducibility), the clinical validity,
reflecting the biological association of biomarker molecules with the clinical outcome is
equally important. Many biomarker discovery studies therefore aim at building
biologically interpretable prediction models and conduct complementary investigations,
e.g. using cellular pathway and molecular network analysis, or literature mining to study
the biological plausibility of a candidate biomarker model. Interpretable biomarker
models can also provide important insights on the molecular mechanisms involved in
complex diseases, and the cellular perturbations that lead to a certain patient status or
to an outlier prediction.
An example for the benefit of interpretable omics-derived biomarker models is the study
by Bomane et al. on predicting breast cancer (BC) patient response to the drug
paclitaxel, which built decision tree classifiers on DNA methylation and miRNA data,
showing that some of the selected predictive features had previously been linked to
cytotoxic-drug sensitivity and prognosis of BC patients, and thereby providing possible
explanations for why particular patients were unresponsive to treatment 101. In another
study, Das et al. proposed a dedicated machine learning methodology, called ‘sparse
high-order interaction model with rejection option’ (SHIMR), to build interpretable
machine learning models consisting of a weighted sum of short decision rules 102. They
presented an exemplary model for the diagnosis of Alzheimer’s disease, which was
reported to achieve similar predictive performance as common, less interpretable
modeling approaches. Similarly, Gamberger et al. introduced a new methodology to
generate comprehensible machine learning models for genome-wide gene expression
data by generating logic-based classifiers using a new subgroup discovery methodology,
involving iterative beam search rule learning 103. The approach was tested on two cancer
microarray datasets, and the best-scoring rules selected for expert evaluation, were all
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judged to be either in line with existing knowledge or to provide new plausible, but
partially speculative explanations.
Among other rule learning approaches designed to simplify omics data interpretation,
one of the most popular methods is the k top-scoring pairs (k-TSP) classifier by Tan et
al. 104. It investigates the relations between the expression values for pairs of features in
order to build simple decision rules, which are combined into a compact ensemble, that
integrates information from a maximum of k rules (where k is a user-defined model
parameter). Benchmark analyses of k-TSP classifier models were reported to perform
as efficiently as other state-of-the-art algorithms, while requiring only a small number of
informative genes as predictors. A related follow-up approach involving relative
comparisons of gene expression values for multi-class classification was later introduced
by Yang and Naiman, providing the possibility to integrate pathway analyses of gene
expression data into the model building to generate more biological meaningful
prediction models 105.
A particular challenge in interpretable model building results from the fact that many of
the most successful machine learning approaches are ensemble learning or metalearning approaches, which aim at exploiting the synergies of multiple diverse prediction
models or learning algorithms. While these methods tend to achieve high prediction
accuracies, the models are often very complex and not human-interpretable. Jalali and
Pfeifer have sought to address this shortcoming by presenting a per-case weighted
ensemble learning method for cancer classification that takes both potential biases in
the data into account, and provides model visualizations that provide interpretable
information on associations between input features and the target variable 12.
A further alternative strategy to facilitate data interpretation is to limit the complexity of
prediction models. Due to the high dimensionality of omics data, sparse modeling
approaches can be particularly useful to build insightful and robust models. Kim et al.
proposed an integrative modeling approach called ‘Weighted Orthogonal Nonnegative
Parallel Factor Analysis’ to identify sparse and interpretable factors 106. When applying
their approach on cell line data for drug sensitivity prediction, it identified a limited set of
factors that could be interpreted in terms of their association with recurrent molecular
alterations, cellular process enrichments, cancer type, and drug-response. Along the
same line, Kong and Azencott presented a machine learning approach for interpretable
mass spectra discrimination, providing sparse models involving only small groups of
scored biomarkers 107. The method, which uses binary Markov random fields, also
44
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825

provides planar-displays to visualize mass spectra discrimination and achieved high
predictive accuracies on test data for colorectal and ovarian cancer stage classification.
Finally, sparse modeling is also used in the BLASSO approach by Urda et al. 10, which
combines the idea of using regularization to reduce model complexity with the integration
of prior gene-specific or gene-disease relationship knowledge. The method was tested
on RNA-Seq gene expression data for breast cancer and provided both interpretable
and stable gene signatures, in terms of a quantitative robustness index.
More recently, an approach to increase both the interpretability and biological plausibility
of metabolomics biosignatures was presented by Liu et al. 108. They exploited the
correlation structure of metabolite measurements for melancholic depressive patients
and healthy controls by first clustering the features using the K-means algorithm and
providing the cluster centroids as input for a Random Forest machine learning algorithm
to distinguish two groups. The clustering derived features provided both higher predictive
performance than individual original features, and the correlated features mapped to a
metabolic network enabled an interpretation of coordinated network alterations in the
data.
Among the network-based approaches, another methodology to exploit molecular
interaction data for interpretable model building was proposed by Sinnott and Cai 109.
They employed a kernel machine framework to integrate cellular pathway and network
information into prediction models for breast cancer recurrence-free survival prediction,
in order to improve model interpretability and reliability.
Finally, for the specific setting of cross-platform genomic analyses, Srivastava et al.
presented a hierarchical Bayesian relevance vector machine approach to that models
the interaction between platform-specific measurements through nonlinear kernel
machines 110. The modeling approach provides parameters with direct interpretations in
terms of platform-effects of platforms and feature interactions within and across
platforms, and was successfully applied to mRNA and microRNA expression profiles for
predicting patient survival times for glioblastoma multiforme.
While the studies briefly outlined above show that many new approaches are available
to generate more robust, integrative and interpretable prediction models, a review article
on machine learning applications in cancer prediction and prognosis notes that a majority
of studies still focuses on conventional model building methods, such as artificial neural
networks, which are not designed to facilitate model interpretation 111. Thus, wider usage
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of interpretable modeling approaches still needs further encouragement and promotion,
e.g. by providing simplified and largely automated data analysis workflows as well as
standard guidelines and recommendations for this purpose.

Future outlook
Omics-derived patient stratification signatures have already led to first clinically validated
diagnostic and prognostic tools. Considering the broad range of further possible
biomedical applications and the large number of ongoing omics discovery studies, these
approaches are expected to gain much wider use and acceptance in biomarker research
in the future. However, common pitfalls and challenges still significantly limit the
translation of biomedical omics findings into clinically relevant tools, and systematic
efforts are needed to improve study designs, experimental, computational and clinical
development pipelines, and internal and external validation approaches.
The scoping review highlighted that the previous successful applications of omics-data
based biomarker analyses mostly focused on cancer research. However, first success
stories in other domains of biomedicine, such as the Corus CAD test for coronary artery
disease, also demonstrate the significant potential these methodologies have for other
types of complex disorders. Study designs and machine learning methodologies which
have been used successfully in previous discovery projects may therefore provide useful
role models and analysis frameworks, which can be transferred to other multifactorial
diseases that display molecular alterations in clinically accessible tissues and body
fluids.
A major challenge for the future will be to reduce the proportion of omics stratification
studies that fail due to common study design limitations as those discussed in this
scoping review, e.g. inadequate sample sizes, imbalanced numbers of samples across
the study groups, batch effects or insufficiently robust validation schemes. Dedicated
efforts to improve study designs for omics-based machine learning may include the
provision of standard guidelines and protocols, best practice recommendations, and
generic software frameworks that facilitate the study preparation and implementation.
Biomarker discovery and validation studies should meet pre-defined minimum
requirements in terms of the quality control of samples and data, the adequacy of the
study design, the pre-processing, model building and validation approaches, and the
documentation of the study. The US National Cancer Institute (NCI) has already
developed a checklist, covering criteria to assess the readiness of an omics-based test
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to guide therapy in clinical trials, which covers aspects related to the biological samples,
the used assays, the trial design, statistical modeling approaches, and legal and ethical
considerations 112. Most of the proposed criteria are generic and applicable beyond the
field of cancer research. Apart from these existing criteria as minimum requirements,
further complementary recommendations and detailed step-by-step best practice
workflows, following the procedures adopted in previous successful projects, may be
proposed. For example, for one of the genomic biomarker signatures which already
achieved FDA clearance, the AlloMap test (see detailed discussion in the ‘Applications’
section), 10 years after the original biomarker development all key decision-making
branching points were reviewed in a dedicated article 75, which may serve as reference
for similar future projects. In general, previous success and failure stories do not only
provide useful information on how to improve robustness and quality of omics biomarker
studies, but also on how to reduce costs by recognizing failed discovery and modeling
attempts quickly and changing the strategy early in the development process.
Some of the main conclusions and recommendations on common issues and suggested
solution strategies derived from this scoping review are therefore discussed in the
following section on ‘Discussion and Conclusions’ and ‘Next Steps’.

Discussion and Conclusions
Main findings & conclusions: The scoping review identified the following main issues and
limitations in omics-based biomarker discovery and validation studies: (1) inadequacy of
the study design and sample size selection; (2) inadequacy and lack of robustness and
completeness of the statistical evaluation and (cross-)validation methodology, and the
statistical significance assessment (including multiple hypothesis testing adjustments);
(3) lack of clarity in the definition of clinical applications and primary/secondary
outcomes; (4) insufficient or inadequate study design documentation to ensure
reproducibility; (6) inadequacy of the sampling/blocking design, and the strategy to
address batch effects and biases; (7) inadequacy of the data pre-processing, filtering
and normalization; (8) inadequate or ineffective integration of prior biological knowledge
and multi-omics analyses; and (9) insufficient or inadequate measures to ensure model
interpretability and biological plausibility (see section on ‘Identified gaps & future outlook”
for the detailed discussion).
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These identified common study limitations and gaps have also led to first proposed
recommendations to improve the preparation, implementation and documentation of
omics biomarker studies. In particular, the following key study design characteristics
and decisions, highlighted by the scoping review, should be defined in advance and
checked for adequacy as part of the study preparation, and documented for
reproducibility and project monitoring:
1)
2)
3)
4)
5)
6)
7)
8)
9)
10)
11)
12)
13)
14)

the precise definition of the scientific objective and scope of the study
the choice and precise definition of the experimental conditions
(diseases/treatments)
the choice of the tissue pool / cell type(s) to investigate
the selection of the measurement platform
the choice of the sequencing depth (NGS studies only)
the choice of the biological sampling design (how the samples have been
collected; blocking design)
the used sample selection/matching strategy (e.g. confounder matching between
cases and controls)
the included biological and technical replicates (determined by a power
calculation)
the choice of the measurement design (arrangement of samples in the
measurement instrument)
the choice of the data pre-processing, normalization, quality control and filtering
approaches
the choice of the feature selection or dimension reduction approaches
the choice of the statistical analysis and machine learning approaches (including
software versions and parameters used)
the approaches used to integrate prior biological knowledge (e.g. from the
literature or public annotation databases) or complementary data (other
molecular, clinical, imaging or digital sensor data) into the analysis
the cross-validation and external validation approaches (including the description
of performance metrics, settings for the training/test set splits, and used seed
numbers for the random number generation in randomized cross-validation)

Relevance:
The identified common limitations, shortcomings and gaps in the reviewed omics
biomarker studies, and the recommendations and measures taken in some studies to
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address these issues provide a resource to inform future studies on challenges to be
aware of, and on the best practices to reduce the risk of failure.
The precise definition and critical assessment of the above list of study design
parameters and methodologies may facilitate the preparation of new projects and their
comprehensive documentation. It could also have practical relevance as a checklist and
guideline to avoid errors, risks and loss of time and resources during the study
implementation. Moreover, the prior definition and critical assessment of study design
choices, analysis and validation methods, will enable a more efficient and effective
progress monitoring and contingency measures, and help to improve the study quality,
robustness, and costs for failed discovery and validation attempts.
Opportunities:
Providing guidelines for improved study designs, state-of-the art discovery and validation
methodologies, as well as standardized best-practice workflows for machine learning
and cross-validation analyses has the potential to increase the reliability of omics-based
biomarker investigations, and to increase the success rates and reduce the duration for
the study implementation. In particular, the reviewed software tools and
recommendations on how to integrate prior biological knowledge from public omics
databases, cellular pathway and molecular network data resources, and automated textmining of the biomedical literature databases, provide cost-free opportunities to exploit
external information to improve the robustness and interpretability of machine learning
analyses.
Furthermore, new electronic project management and monitoring tools, and
comprehensive software frameworks for conducting common pre-processing, analysis
and validation steps of an omics discovery study can help researchers to save time,
avoid mistakes, and ensure the reproducibility of all analysis and modeling steps.
In summary, the scoping reviews highlights several opportunities to improve the quality,
efficiency and success rates of future biomarker investigations. Some of the key
measures that may help to seize these opportunities include the definition of minimum
reporting guidelines for omics-based biomarker studies, the provision of detailed best
practice guidelines for the study design and implementation, and the publication of
dedicated software frameworks and tool sets for the largely automated and reproducible
processing, analysis and evaluation of omics data.
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Next Steps
After discussing the findings and conclusions from the scoping review with the research
team, a revised, filtered and shortened text version of the resulting recommendations
will be made available to external experts (with the possibility to provide more detailed
information on topics of interest upon request). The external experts will be identified
based on a keyword search of their relevant publications in the field of omics-based
biomarker discovery, using the keywords for the scoping review as a guideline.
Moreover, candidates on the list of experts identified in this fashion will be prioritized for
the invitation to join the workshop by aiming to preferentially include experts with diverse
academic or industrial backgrounds, different relevant specializations (e.g. including
both representatives for a specialization in supervised and unsupervised stratification
methodologies), and both in-depth applied and theoretical knowledge in the fields of
statistics, machine learning and omics data analysis.
The envisaged format for the workshop will include short, topic-specific presentations
from the participants on the challenges and best practices for omics-based biomarker
studies. An open discussion on the main findings of the scoping review and the
conclusions of the experts will be held, which will then lead over to break-out sessions
on key sub-topics (e.g. break-out sessions on recommendations for study design, data
pre-processing and normalization, feature selection and model building approaches,
methods for prior data integration, and validation methodologies). During the break-out
sessions, topic-specific suggestions will be collected and discussed, and then presented
and reviewed together with all participants to derive a final list of recommendations.
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Appendix I
Complete search strategy definition (Databases: PubMed, EMBASE, Web of Science)
PubMed Query:
Search

Add to
builder

#14

Add

#13

Add

#12

Add

#11

Add

#10

Add

#9

Add

#8

Add

#7

Add

#6

Add

#5

Add

#4

Add

Items
found

Query

Search #4 AND #7 AND #10 AND #13 Sort by:
365
PublicationDate
Search #11 OR #12 Sort by: PublicationDate
2480122
Search (Validation Studies as Topic"[Mesh]) OR
0
"Validation Study" [Publication Type] OR "Sensitivity
and Specificity"[Mesh]) OR "Benchmarking"[Mesh])
Search (validation OR validity OR validated OR “cross
validation” “cross validated” OR “clinical utility*” OR
2480122
accuracy OR robustness OR reliability* OR sensitivity
OR specificity OR benchmark* OR bias OR ”cross
study” OR ”cross studies”)
Search #8 OR #9 Sort by: PublicationDate
982942
Search ("Genomics"[Mesh]) OR
"Metabolomics"[Mesh]) OR "Epigenomics"[Mesh]) OR
422277
"Microarray Analysis"[Mesh]) OR "Mass
Spectrometry"[Mesh])
Search (Omic* OR “omic based” OR “multi omic” OR
“multi omics” OR genomic* OR transcriptomic* OR
944832
proteomic* OR metabolomic* OR lipidomic* OR
epigenomic* OR microarray OR “RNA seq” OR “mass
spectrometry")
Search #5 OR #6 Sort by: PublicationDate
743829
Search ("Biomarkers"[Mesh]) OR "Precision
743829
Medicine"[Mesh])
Search (stratified medicine” OR cluster* OR “sub
group*” OR Subgroup* OR biomarker* OR diagnos*
OR prognos* OR “precision medicine” OR
0
“personalized medicine”OR “personalised medicine”
OR “individualized Medicine“ OR “individualised
Medicine“ OR “individualized therapy“ OR
“individualised therapy“)
Search #2 OR #3 Sort by: PublicationDate
40640
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Search

Add to
builder

#3

Add

#2

Add

Items
found

Query
Search "Machine Learning"[Mesh] Sort by:
PublicationDate
Search (“Machine learning” OR “statistical learning”
OR “supervised learning” OR “unsupervised learning”)
Sort by: PublicationDate

16481
34840

Embase Query:
Results
#25 #23 AND #24
#24 [embase]/lim NOT [medline]/lim
#20 AND #21 AND ([english]/lim OR [french]/lim OR [italian]/lim OR
#23
[spanish]/lim)
#22 #20 AND #21
omic*:ti,ab OR 'machine learning':ti,ab OR 'personalized medicine':ti,ab OR
#21
'personalised medicine':ti,ab
#20 #4 AND #10 AND #16 AND #19
#19 #17 OR #18
validation:ti,ab OR validity:ti,ab OR validated:ti,ab OR 'cross validation':ti,ab
OR 'cross validated':ti,ab OR test*:ti,ab OR 'clinical utility*':ti,ab OR
#18 accuracy:ti,ab OR robustness:ti,ab OR reliability*:ti,ab OR sensitivity:ti,ab OR
specificity:ti,ab OR benchmark*:ti,ab OR bias:ti,ab OR 'cross study:ti,ab' OR
'cross studies':ti,ab
'validation study'/exp OR 'reliability'/exp OR 'sensitivity and specificity'/exp
#17
OR 'benchmarking'/exp
#16 #14 OR #15
omic*:ti,ab OR 'omic based':ti,ab OR 'multi omic*':ti,ab OR genomic*:ti,ab
OR transcriptomic*:ti,ab OR proteomic*:ti,ab OR metabolomic*:ti,ab OR
#15
lipidomic*:ti,ab OR epigenomic*:ti,ab OR microarray:ti,ab OR 'rna seq':ti,ab
OR 'mass spectrometr*':ti,ab
#14 #11 OR #12 OR #13
#13 'mass spectrometry'/exp
#12 'microarray analysis'/exp
#11 'omics'/exp OR 'genomics'/exp OR 'epigenetics'/exp
#10 #5 OR #6 OR #7 OR #8 OR #9

688
9568801
1423
1433
59092
4830
6287177

6150811

580344
1174400
852339
758269
455591
68369
299009
5000844
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Results
#9
#8
#7
#6
#5
#4
#3
#2
#1

'individualized medicine':ti,ab OR 'individualised medicine':ti,ab OR
'individualized therapy':ti,ab OR 'individualised therapy':ti,ab
'personalised medicine':ti,ab
'personalized medicine':ti,ab
'stratified medicine':ti,ab OR cluster*:ti,ab OR 'sub group*':ti,ab OR
subgroup*:ti,ab OR biomarker*:ti,ab OR diagnos*:ti,ab OR prognos*:ti,ab OR
'precision medicine':ti,ab
'biological marker'/exp OR 'personalized medicine'/exp
#1 OR #2 OR #3
'machine learning'/exp
'statistical learning'/exp
'machine learning':ti,ab OR 'statistical learning':ti,ab OR 'supervised
learning':ti,ab OR 'unsupervised learning':ti,ab

3459
1713
13669
4904827
330768
200079
193633
46
34557

Web of Science Query:
#7

193

#6 AND #5
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years

#6

33,111

TITLE: ((omic* OR "machine learning" OR "personalized medicine" OR
"personalised Medicine"))
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years

#5

1,075

#4 AND #3 AND #2 AND #1
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years

# 4 5,015,557 TOPIC: ((validation OR validity OR validated OR “cross validation” “cross validated”
OR “clinical utility*” OR accuracy OR robustness OR reliability* OR sensitivity OR
specificity OR benchmark* OR bias OR ”cross study” OR ”cross studies”))
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years
# 3 1,024,118 TOPIC: ((Omic* OR “omic based” OR “multi omic*” OR genomic* OR
transcriptomic* OR proteomic* OR metabolomic* OR lipidomic* OR epigenomic* OR
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microarray OR “RNA seq” OR “mass spectrometr*”))
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years
# 2 4,137,042 TOPIC: ((“ stratified medicine” OR cluster* OR “sub group*” OR Subgroup* OR
biomarker* OR diagnos* OR prognos* OR “precision medicine” OR “personalized
medicine”OR “personalised medicine” OR “individualized Medicine“ OR
“individualised Medicine“ OR “individualized therapy“ OR “individualised therapy“))
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years
#1

134,956 TOPIC: ((“Machine learning” OR “statistical learning” OR “supervised learning” OR
“unsupervised learning”))
Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH, ESCI Timespan=All
years
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Appendix II – Full scoping review protocol
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Introduction
The concept of personalised medicine is going to impact how pharmacological treatments are
discovered and developed, how patients are diagnosed and treated, and how health care systems
allocate their resources to maximize patient benefits.
Personalised medicine may be considered an extension of traditional approaches to understanding
and treating disease. Ideally, it could serve to take clinical decisions based on a patient’s profile
(often molecular, but the concept is broader) to minimise harmful side effects, ensure a more
successful outcome, and possibly help contain costs compared with a “trial-and-error” approach to
disease treatment (1).
Personalised medicine stems on the broad concept that managing a patient's health should be
based on the individual patient's specific characteristics, including age, gender, height/weight, diet,
environment, etc. Different understandings of personalised medicine exist, in which three main
positions can be identified (2):
(a) personalised medicine is not a new concept as medicine has always been individualized;
(b) personalised medicine is holistic health care, centred around the needs of the individual patient;
(c) personalised medicine is treatment targeted at stratified subgroups (e.g. pharmacogenetics).
Even when the focus is restricted to the third position, there is not a unique definition of
personalised medicine, nor a straightforward terminology to define this concept. While
“personalised” emphasizes the notion of individualized— “this is exclusively designed for you”,
other more scientifically rigorous terms such as stratified medicine refer to the identification of
groups or strata of patients with specific molecular characteristics or other determining factors
which predict susceptibility to disease, disease prognosis, and/or response to therapy. Some
authors suggested that rather than considering personalised medicine as a precise scientific
concept, it should be understood as an open and negotiable ideal that accounts for a plurality of
visions, depending on people, reasons and interests behind these alternative conceptions (3).
Regarding the terminology, in the European context, the term personalised medicine is preferred,
as this term best reflects the ultimate goal of effectively tailoring treatment based on an individual’s
‘personal profile’, as determined by the individual’s genetic and phenotypical characteristics. Other
terms are widespread, for instance stratified medicine, mainly used in the UK, or precision
medicine mostly used in US and broadly referred to the 4 P (preventive, predictive, personalised
and participatory) medicine. While there may be small nuances in the literal meanings of these
terms, they usually refer to the same concept when applied in practice (4).
A recent review reported that the literature about personalised medicine usually refers to two
different semantic approaches. Firstly, patients’ stratification, that is grouping individual patients in
subpopulation according to their probability to have a therapeutic benefit from a drug or regimen.
Secondly, treatment tailoring, that is the individual status of a patient (i.e., disease characteristics
or subject’s genotype/phenotype) is the rationale basis for drug choice (5).
Box 1 reports a collection of definitions, along with their references.
A broad community of stakeholders, including funders and professionals involved in medical
research and care, are increasingly concerned with ensuring that the right patient receives the right
therapy, at the right dose and at the right time. The identification of markers of mechanistic
pathways or multiple variables characterising clusters of subjects that might inform meaningful
disease stratification may have different clinical applications in the context of personalised
medicine. Broadly, stratification may be applied at the diagnosis level (e.g., to identify a particular
pathophysiological/clinical stratum within a heterogeneous patient population for diagnostic
purposes), to predict disease course (prognostic value), the development of a disease (predictive
value), or the response to therapy (theragnostic value).
3
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Regardless of the application, any approach to personalised medicine should undergo different
phases: discovery, validation and definition of usefulness from a clinical perspective. Robust
methodological approaches are needed to deal with the complexity and heterogeneity of the
process, as well as the range of possible applications to stratification using multidimensional data
(what is meant by “molecular profiling” among other terms).

Personalised medicine research
This series of scoping reviews will map the general concept of methods for personalised medicine,
to set the basis for the discussion on robustness and reproducibility of personalised medicine
development programmes. The final goal is the identification of standards and needs in terms of
methodology of data generation, management, analysis and interpretation to improve clinical
studies in personalised medicine.
The group of authors agreed on a common operational definition of personalised medicine
research: a set of comprehensive methods, (methodological, statistical, validation or technologies)
to be applied in the different phases of the development of a personalised approach to treatment,
diagnosis, prognosis, or risk prediction. Ideally, robust and reproducible methods should cover all
the steps between the generation of the hypothesis (e.g., a given stratum of patients could better
respond to a treatment), its validation and pre-clinical development, and up to the definition of its
value in a clinical setting.
The process leading from the hypothesis to the clinic is complex and not always linear. The
Medical Research Council in UK recently developed a framework for the development, design and
analysis of stratified medicine (6) that is structured in six themes:
Theme 1: Framing the Question/Defining the Population
Theme 2: Designing Stratum Discovery Studies; selecting variables, defining response and
powering
Theme 3: Assay Design; managing complexity and variability
Theme 4: Defining Strata; data integration, linkage to existing knowledge, linkage to outcome
Theme 5: Stratum Verification
Theme 6: Progression Towards Clinical Utility
Any attempt for classifying the phases of personalised medicine may appear as an
oversimplification. However, a typical research programme in personalised medicine would
include: first a stratification cohort (in many cases a retrospective study reusing data and
biosamples from existing cohorts) with extensive multimodal data on which stratification algorithms
are run, then a validation cohort, normally prospective, that assesses the reproducibility,
robustness and validity of the clustering in another sufficiently large patient sample. Thirdly, a
translational step is often necessary. In some cases, the use of pre-clinical models (cellular, insilico, organoid) might be useful to give confidence in the allocation of patients to specific treatment
arms as identified through clustering. Alternatively, the multi-omics profiles from clinical samples
can lead to the identification of new disease categories, prediction of disease prognosis,
exploration of drug sensitivity and dose selection. Finally, treatment options should be tested in the
subgroups of patients in the context of clinical studies, ideally randomised clinical trials, to generate
evidence informing regulatory, clinical and coverage decisions.
However, many alternative pathways can be proposed. In some case, the stratification provides
detailed information on the mechanism of disease and strong indications on the treatments to be
tested in each patient cluster. This is for instance the case where identification of driver somatic
mutations in cancer cells suggests the targeted treatment to be tested. In other cases, the
stratification cohort includes data on response to an established treatment, making the translational
step less necessary. Research programmes may be limited to the stratification step, in particular
when no treatment is available – this is the case for instance for taxonomy studies in
4
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neurodegenerative disorders, aiming at identifying homogeneous clusters of patients. In any case,
personalised medicine research is a complex programme, with multiple steps and lasting many
years.
We consider out of the scope of this review the methods used for the clinical implementation of
personalised medicine, the manufacturing and use of individualized treatments, and the pragmatic
approach to individual patient care, such as n-of-1 trials.

Considering this framework outlined by Figure 1, the scoping reviews will approach personalised
medicine research focusing on four main phases:
•
•
•
•

Methods for stratification and validation cohorts
Methods for machine learning applied to stratification
Pre-clinical methods for translational development of stratified therapies and treatments
selection
Methods for clinical trials in personalised medicine

Figure 1: Main steps in personalised medicine research programmes
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Review methods
We aim to perform a set of scoping reviews investigating various aspects of the methodology
applied in personalised medicine research programmes as outlined in the Scope & Research
Questions section.
Scoping reviews are used to present a broad overview of the evidence pertaining to a topic; they
are useful to examine areas that are emerging, to clarify key concepts and identify gaps. Scoping
reviews have great utility for synthesizing research evidence and are often used to map existing
literature in a given field in terms of its nature, features, and volume. They differ from standard
systematic reviews that are usually aimed to answer a specific question or series of questions
according to a rigid set of a priori eligibility criteria. Scoping reviews have a broader approach,
generally with the aim of mapping literature and addressing broader research questions. Due to the
iterative nature of scoping reviews, deviations from the protocol are expected, differently from what
happens in systematic reviews. Anyway, the discrepancies from the protocol will be clearly detailed
and justified in the ‘Methods’ section of the scoping review report, if and when they occur.
To ensure the transparency and reproducibility of the review process, we will follow the
methodological guidance for the conduct of scoping reviews suggested by the Joanna Briggs
Institute (7, 8). The main steps of the process are summarised in Figure 2.

• Identification of the research questions
• Study identification
• Study selection
• Data extraction
• Study quality
• Plan for presenting the results
• Consultation exercise

Figure 2: Main steps in the preparation of scoping review (in grey optional steps).

This overall process will be applied to the four themes outlined below by a dedicated review team
supported by a methods team. Each step may require small adaptations given the nature of the
research questions and scope defined and the type of literature/data that will be retrieved.
The four reviews will be part of a unique report covering the different aspects of methodology to
inform the gap analysis and the subsequent phases of the PERMIT project (https://permit-eu.org/).
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Identification of the research questions
The first step of any scoping review is to define the objective and research questions of interest.
For the purpose of these reviews, four main aspects of the general concept of personalised
medicine have been identified and will be the focus of this analysis:
•
•
•
•

Methods for stratification and validation cohorts
Methods for machine learning applied to stratification
Pre-clinical methods for translational development of treatment options and treatments
selection
Methods for clinical trials in personalised medicine

Through several rounds of joint discussion and one face-to-face meeting (Paris, Jan 24, 2020), the
four review teams had clarified the scope and defined research questions to the purpose of the
scoping reviews. As the four topics are connected, this step also served to harmonise the four
parts and avoid possible overlaps.
The outcome of this exercise is reported in the following section Scope & Research Questions.

Scope & Research Questions
1. Methods for stratification and validation cohorts
The scoping review will focus on:
•

•

The characteristics of cohorts that have been used for patient stratification or validation of
patient clustering obtained through stratification cohorts. Stratification cohorts of patients
are used to create the clustering, and validation cohorts of patients are used to assess the
reliability (robustness, reproducibility, etc.) of patient clustering.
The different methods and tools used in design and management of stratification and
validation cohorts (especially complex in multimodal approaches) to understand their
limitations.

The review will not be restricted to a given type of data for stratification, i.e., genetic,
metabolomics, gene expression, genomic, neuroimaging, etc.
General papers that describe methods and tools in the design and management of stratification
and validation cohorts will be assessed irrespective of the diseases field. Case examples of
biomarkers or multimodal data profiling in different medical fields and coming from different
sources (omics, neuroimaging, genetics…) will be also analysed to explore the actual application
of this methods and tools. Cancer, stroke and Alzheimer’s disease will be the three areas where
informative examples will be collected, as they are complex conditions (many biological and
environmental factors involved) and are representative of different approaches and degree of
success in personalised medicine.
The main research questions addressed by the scoping review will be:
•
•
•

What are the approaches to define the optimal size of stratification/validation cohorts?
What are the differences, pros and cons of the prospective and retrospective nature of
stratification and validation cohorts?
What are the prerequisites and methods used for integration of multiple retrospective
cohorts?
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Which validation designs exist for the stratification (or clustering) in personalised medicine?
Which methods and tools are used to build the cohorts of validation (external/sub-cohort)?
What are their gaps?
What are the methods for the evaluation of the risk of bias?
How are the (-omics, imaging, exposome, lifestyle etc.) data generated?
What are the tools used for data management and multimodal data analysis used in
personalised medicine (for instance, Galaxy)? What are their gaps?
What quality of data of cohorts is needed to obtain a biomarker or multimodal data
profiling? Are there requirements to monitor the collection of associated clinical data?
What is the outlook of data generation seen as (CE-labelled) in-vitro diagnostics?

2. Methods for machine learning applied to stratification
The scoping review will focus on:
•

•

•

•
•

Supervised and unsupervised machine learning methods for biomedical stratification using
omics data. Few examples for other data modalities, e.g. imaging data, digital pathology
and mobile sensor data will also be explored but not as the major focus.
Cover both disease-based stratification (patient omics clustering, major focus) and drugbased stratification (clustering of drug-induced changes in patient-derived cells, minor
focus)
Methodologies that have been successfully validated and applied in clinical practice. New
emerging approaches, which have not yet been sufficiently validated will also be explored
but not as the major focus.
Pros/cons, opportunities/limitations of different stratification methodologies and the
associated validation approaches.
Examples of successful applications.

Methodologies that have led to clinically validated biomarker signatures will be prioritised, as well
as methodologies that have been cross-validated and externally tested on large sample sizes
(preferably across multiple patient cohorts). Methods that lack statistical validation and a
demonstrated biomedical application will be excluded.
The main research questions addressed by the scoping review will be:
•
•

•
•
•

•

What are the main types of supervised and unsupervised machine learning methods for
omics-based stratification in biomedicine (structured categorization)?
What are the used and recommended workflows for supervised and unsupervised omicsbased stratification (pre-processing, quality control, model building, model validation, model
interpretation)?
What are the specific strengths/weaknesses and opportunities/limitations of different types
of omics-based stratification methods?
Which validation methods exist for omics-based stratification models (assess accuracy,
confirm biomedical relevance, test robustness) and what are their pros and cons?
Which practical utility has been demonstrated for omics-based stratification and validation
methods in real-world biomedical applications in the past (representative examples for
previous success and/or failure stories, lessons learned)?
What are the current gaps in standardization and methodological guidelines, and what is
the outlook for the future of the field of omics-based machine learning stratification (new
emerging approaches, new initiatives for data sharing, quality improvement, FAIRification)?
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3. Pre-clinical methods for translational development of stratified therapies and treatments
selection
The scoping review will focus on two aspects:
3.1. Personalised clinical decision-making based on pre-clinical models, aimed to explore drug
sensitivity screening step (cellular based assay, organoids, PDX model) to predict therapy
response and allocation of patients to different treatment arm, dose ranges and other aspects
relevant for initiation of clinical trials. Suitable use cases will be selected in fields other than
oncology, where clinical trials have been performed using pre-clinical models for personalised
clinical decision-making.
The main research questions addressed will be:
•
•
•

•
•

What are the fields of medicine other than oncology where pre-clinical models for
personalised clinical decision-making have been applied?
What are the pre-clinical models preferentially used in this context?
How many drugs have been developed/are currently under development based on multiomics profiling programs? What is the estimated success rate of the trial using this
approach?
What are the current gaps for broad implementation of pre-clinical testing for treatment
selection?
What information was collected at the pre-clinical stage to inform the clinical study design?

3.2. Stratified medicine development, to show which pre-clinical models (cellular, animal,
organoid, in silico) are currently used as validation methods prior to personalised medicine
clinical trials, both in academia and in industry. The example use case will be oncology.
As prospects, the review will discuss how to adapt the existing pre-clinical model systems to
personalised medicine, and emerging models (such as in silico) which can replace the
traditional animal models (3Rs). We will also perform a categorisation based on relevance and
interpretation of models in the context of personalised medicine.
The main research questions addressed will be:
•
•
•

Which pre-clinical models are currently used to provide validity data prior to therapeutic
clinical trials of personalised medicine in oncology?
What are the pros and cons of the various pre-clinical methods?
Are the current pre-clinical models predictive for personalised medicine trials in oncology?

4. Methods for clinical trials in personalised medicine
The scoping review will focus on:
•
•

Clinical trials, especially randomised trial designs, for personalised medicine.
Trials evaluating a treatment in a subgroup of patients defined e.g. by a biomarker, in
several clusters or subgroups of patients (e.g., basket or umbrella trials), trials comparing a
personalised medicine strategy to a non-personalised strategy, or trials aiming at defining a
subgroup of patients with enhanced response to treatment (e.g., adaptive enrichment
design, adaptive signature design).
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Elements of clinical trial design applied to personalised medicine improving their
appropriateness for HTA decision (e.g., external validity, choice of comparator, use of
clinically meaningful outcome measure).
Methodological reports (e.g., a scientific piece of work aiming at describing and evaluating
the operational characteristics of a particular design) and guidance documents issued by
regulatory or agencies for health technology assessment.
Examples of published or ongoing trials in personalised medicine.

The review will not be restricted to a given medical field, although several examples in oncology
are expected.
The main research questions addressed by the scoping review will be:
•
•
•
•
•

What are the available designs for clinical trials applied to personalised medicine?
What are the examples of current applications of these approaches?
What are the pros and cons of the different approaches?
What are the gaps in the current research on personalised medicine clinical trials?
How is a personalised medicine strategy vs. non-personalised strategy evaluated?

Study identification
Relevant studies and documents will be identified balancing feasibility with breadth and
comprehensiveness of searches.
Formal literature searches will be conducted on relevant databases (i.e., Medline, Embase,
Cochrane Library) by the methods team. The keywords for the search strategy will be defined with
the support of the review teams. Additional rounds of literature searches may be needed to refine
specific aspects. The reference list of all identified reports and articles will be searched for
additional studies.
To identify reports not published as scientific journal papers and unpublished (grey literature)
information each review team will hand searching of relevant literature and websites (including
conference meetings). Review teams may also contact relevant stakeholders to retrieve additional
studies.
Documents published between 2005-2020 written in English, French, Spanish, Italian, German will
be sought. Other specific time window, if deemed necessary by each review team, will be applied.
Appropriate and clear justification for choices will be provided.
Appendix 1 reports examples of the search strategies planned for the four parts of this scoping
review.
Eligibility Criteria
Each review team defined broad eligibility criteria based on the four “Scope & Research Questions”
sections.
1. Methods for stratification and validation cohorts
We will include articles and other reports describing the methods applied to cohorts that have been
used for patient stratification or validation of patient clustering obtained through stratification
cohorts.
We will also include reports on methods to define the optimal size of cohorts, to design these
cohorts, to integrate multiple retrospective cohorts, to evaluate risk of bias, and to manage data
and analysis in personalized medicine. We are also interested in the quality of data and monitoring
10
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of associated clinical data requirements and in the legal framework of data generated in
personalized medicine.
Three case models will be explored: oncology, Alzheimer’s disease and stroke.
These three fields were chosen for their big impact on society and individual health, because they
are in three different phases of personalized medicine, which allows us to know different methods
and strategies in different levels of development, and because they cover different kind of data to
stratify patients. Oncology is the field where personalised medicine was firstly applied and where
targeted therapies and diagnostics have been focused. Moreover, several applications of
biomarkers for the successful stratification of patients with a given type of cancer exist, most of
them based on molecular data, specially genomics. Alzheimer’s disease research in personalized
therapies and diagnostics is nowadays giving its firsts results, based in imaging, cognitive and also
molecular data. Stroke is currently opening up to personalized medicine, with some approaches
and studies in more initial steps. Most of the data for patient’s stratification are imaging and
molecular data. The review will cover a broad range of multimodal data profiling studies and
biomarkers based on all kinds of data: genetic, metabolomic, genetic expression, genomic, or
radiomic.
As general approach, we will search for (systematic) reviews to first identify the most common
methodological approaches. Subsequent rounds of more specific searches will be conducted
according to the results obtained from the scan of the reviews and to cover detailed aspects.
2. Methods for machine learning applied to stratification
We will include articles and other reports with methodology descriptions or reviews/opinion articles
on supervised and unsupervised machine learning approaches and associated validation methods
for omics-based stratification that have been tested on real-world biomedical data.
We will prioritize reports describing methodologies that have led to clinically validated biomarker
signatures and those describing methodologies that have been cross-validated and externally
tested on large sample sizes (preferably across multiple patient cohorts)
Articles reporting on methods that lack appropriate validation statistics and a demonstrated
biomedical application will be excluded
There will be no restrictions in terms of types of publication or medical areas.
3. Pre-clinical methods for translational development of stratified therapies and treatments
selection
3.1. Pre-clinical models for personalised clinical decision-making.
We will include articles and other reports describing methods (i.e. cellular based assay, organoids,
animal models) used to assign treatment options to patient clusters. The case model will be mental
disorders disease, chosen as non-oncology medical field. Indeed, this therapeutic area is included
in the FDA Table of Pharmacogenomic Biomarkers in Drug Labelling as one of the most
represented after oncology (9). Biomarkers in the table include but are not limited to germline or
somatic gene variants (polymorphisms, mutations), functional deficiencies with a genetic etiology,
gene expression differences, and chromosomal abnormalities; selected protein biomarkers that are
used to select treatments for patients are also included.
3.2. Stratified medicine development in oncology
We will include articles and other reports describing translational medical approach, specifically
pre-clinical validation methods applied prior to personalised medicine clinical trials. The case
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model will be oncology, chosen as the field where personalised medicine was firstly applied and
where targeted therapies and diagnostics have, for the most part, been focused.
The review will have a broad focus on the preclinical methodologies used for personalised
medicine i.e. animal (mainly PDX), organoid, cellular models and in silico/computerised models,
assessing the validity, reliability and predictive value of the various models. As general approach,
we will include papers which describe the concept of the methods and exclude those which only
deal with models applied to a specific type of cancer and original biomarker research.
Subsequent rounds of more specific searches will be conducted if needed, according to the results
obtained from the scan of the first set of articles to cover detailed aspects.
There will be no restrictions in terms of types of publications included.
4. Methods for clinical trials in personalised medicine
We will include methodological and statistical articles and reviews describing or evaluating designs
and validation of randomised controlled trials for personalised medicine, assessing both
pharmaceutical and non-pharmaceutical interventions. We will also include articles reporting on
personalised medicine trials and trial protocols, either published or available on trial registries.
Finally, guidance documents issued by regulatory or health technology assessment agencies will be
assessed.
There will be no restrictions in terms of types of publication or medical areas.

Study selection
The title and abstracts of records identified by the literature search will be screened by two
independent reviewers. The full text publication of relevant articles will be retrieved and checked
for confirming eligibility. Discrepancies will be solved by discussion among the review team and the
method group if needed. An iterative approach to study selection is expected: each major change
from what is reported in this protocol will be recorded and justified.
The screening process will be summarised in flow diagrams as suggested by the PRISMA
guidelines for reporting scoping review (10).
Data extraction
The main feature of each report considered eligible, as providing information of a given aspect
covered by one or more research questions, will be summarised in tables by one reviewer and
checked by a second to ensure data quality. As we expect the reviews to include a variety of
scientific articles and other documents, we will not develop a common pre-defined extraction form.
However, the following information will be sought and summarised for each included report. This
list will be adapted according to the needs of the different review teams.
•
•
•
•
•
•
•
•
•
•

Author(s)/reference/title
Year of publication
Source origin/country of origin
Type of publication (e.g. article, editorial, report, poster, etc.)
Concept/Aims/purpose
Study population and sample size (if applicable)
Methodology/Study design
Intervention type and comparator (if applicable)
Duration of the intervention/time horizon (if applicable)
Outcome measures (if applicable)
12
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Main results/findings
Key findings that relate to the review question

This list will be adapted according to the needs of the different review teams.
Study quality
As general approach, we will not perform a formal assessment of methodological quality of the
included studies as it is generally not performed in scoping reviews. However, the evaluation of risk
of bias of clinical studies included as case examples may be considered.
Plan for presenting the results
The collected evidence will be assembled, summarized and reported to address the research
questions defined in the Scope & Research Questions section. The format will be refined toward
the end of the process when we will have the increased awareness of the contents of their included
studies. Results will be discussed considering the gaps in methodology and the implications for
policy, practice and research to inform the consultation exercise.
Consultation exercise
The activities of the review teams (WP3-WP6 in the PERMIT project, permit-eu.org/) will cover this
aspect, through dedicated consultations and workshops with field experts. The discussion will
involve PERMIT participants and associated partners, and the PERMIT project Scientific Advisory
Board.
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Box 1: Main definitions of personalised medicine
Proponent
Horizon 2020
Advisory Group
and
Strategic Research
and Innovation
Agenda (SRIA) of
PerMed

Definition
Personalised medicine is 'a medical model using characterisation of
individuals’ phenotypes and genotypes (e.g. molecular profiling, medical
imaging, lifestyle data) for tailoring the right therapeutic strategy for the right
person at the right time, and/or to determine the predisposition to disease
and/or to deliver timely and targeted prevention

Reference
https://ec.europa.eu/info/research-andinnovation/research-area/health-research-andinnovation/personalised-medicine_en

European Council
conclusions on
personalised
medicine for patients
(2015/C 421/03)

Medical model using characterisation of individuals’ phenotypes and
genotypes, or tailoring the right therapeutic strategy for the right person at the
right time, and to determine the predisposition to disease and/or deliver timely
and targeted prevention.

https://eur-lex.europa.eu/legalcontent/EN/TXT/PDF/?uri=CELEX:52015XG1217(01
)&from=EN

UK Medical
Research Council

Stratified medicine is the identification of key sub-groups of patients within a
heterogeneous disease population; these being distinguishable groups with
differing mechanisms, risk or course of disease, or particular responses to
treatments. Stratification can be used to:
• Improve mechanistic understanding of disease processes and enable the
identification of new targets for treatments
• Develop biomarkers for disease risk, diagnosis, prognosis and response to
treatment
• Allow treatments to be developed, tested and applied in the most appropriate
patient groups
Personalized medicine is an evolving field in which physicians use diagnostic
tests to determine which medical treatments will work best for each patient. By
combining the data from those tests with an individual’s medical history,
circumstances and values, health care providers can develop targeted
treatment and prevention plans. Personalized medicine is the tailoring of
medical treatment to the individual characteristics of each patient. The
approach relies on scientific breakthroughs in our understanding of how a
person’s unique molecular and genetic profile makes them susceptible to
certain diseases. This same research is increasing our ability to predict which
medical treatments will be safe and effective for each patient, and which ones
will not be. Personalized medicine may be considered an extension of
traditional approaches to understanding and treating disease. Equipped with
tools that are more precise, physicians can select a therapy or treatment
protocol based on a patient’s molecular profile that may not only minimize

https://mrc.ukri.org/research/initiatives/precisionmedicine/stratified-medicine-methodologyframework/

Personalized
Medicine Coalition
(PMC)

http://www.permed2020.eu

http://www.personalizedmedicinecoalition.org/,
http://www.personalizedmedicinecoalition.org/Userfil
es/PMCCorporate/file/pmc_age_of_pmc_factsheet.pdf
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harmful side effects and ensure a more successful outcome, but can also help
contain costs compared with a “trial-and-error” approach to disease treatment
Precision medicine is "an emerging approach for disease treatment and
prevention that takes into account individual variability in genes, environment,
and lifestyle for each person." This approach will allow doctors and researchers
to predict more accurately, which treatment and prevention strategies for a
particular disease will work in which groups of people. It is in contrast to a onesize-fits-all approach, in which disease treatment and prevention strategies are
developed for the average person, with less consideration for the differences
between individuals.
Precision medicine, sometimes known as "personalized medicine" is an
innovative approach to tailoring disease prevention and treatment that takes
into account differences in people's genes, environments, and lifestyles. The
goal of precision medicine is to target the right treatments to the right patients
at the right time.
Personalized medicine seeks to improve stratification and timing of health care
by utilizing biological information and biomarkers on the level of molecular
disease pathways, genetics, proteomics as well as metabolomics.
Pharmacogenomics is a harbinger of personalised medicine, a paradigm shift
from the mindset of ‘one-drug-fits-all’ to ‘the right drug for the right patient at
the right dose and time.’ This does not mean that each patient will be treated
differently from every other patient, an economically untenable proposition.
Rather, patients are divided into groups by genetic and other markers that
predict disease progression and treatment outcome.

https://ghr.nlm.nih.gov/primer/precisionmedicine/defi
nition

https://www.fda.gov/medical-devices/vitrodiagnostics/precision-medicine

BMC Medical Ethics 2013, 14:55
Human Molecular Genetics 2005;14(suppl_2):R207–
R214
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Appendix 1: Examples of search strategies
1. Methods for stratification and validation cohorts
#24
#23
#22
#21
#20
#19
#18
#17
#16
#15
#14
#13
#12
#11
#10
#9
#8
#7
#6
#5
#4
#3
#2

#1

Query
#21 AND #22 AND ([english]/lim OR [french]/lim OR [german]/lim OR [italian]/lim OR [spanish]/lim)
#21 AND #22
[embase]/lim NOT [medline]/lim
(#18 OR #19) AND [2005-2020]/py
#18 OR #19
#17 AND [review]/lim
#4 AND #9 AND #13 AND #16 AND ([cochrane review]/lim OR [systematic review]/lim OR [meta analysis]/lim)
#4 AND #9 AND #13 AND #16
#14 OR #15
cancer*:ti,ab OR carcinoma*:ti,ab OR tumor*:ti,ab OR tumour*:ti,ab OR oncolo*:ti,ab OR leukemia*:ti,ab OR
lymphoma*:ti,ab OR sarcoma*:ti,ab
'neoplasm'/exp/mj
#10 OR #11 OR #12
validation:ti,ab OR method*:ti,ab
'procedures'/exp
'validation study'/exp
#5 OR #6 OR #7 OR #8
'prospective study'/exp
'cross-sectional study'/exp
'cohort analysis'/exp
'cohort studies':ti,ab OR 'cohort study':ti,ab OR 'cohorts design':ti,ab OR 'prospective cohort':ti,ab OR 'retrospective
cohort':ti,ab OR 'data integration':ti,ab OR bias:ti,ab OR 'cross study':ti,ab OR 'cross studies':ti,ab
#1 OR #2 OR #3
'personalized medicine'/exp
'biological marker'/exp
'stratified medicine':ti,ab OR biomarker*:ti,ab OR 'precision medicine':ti,ab OR 'personalized medicine':ti,ab OR
'personalised medicine':ti,ab OR 'individualized medicine':ti,ab OR 'individualised medicine':ti,ab OR 'individualized
therapy':ti,ab OR 'individualised therapy':ti,ab OR 'patient stratification':ti,ab OR pharmacogenetics:ti,ab OR 'patient
specific modeling':ti,ab OR 'personalized clinical decision making':ti,ab OR 'personalised clinical decision making':ti,ab OR
'prediction of response':ti,ab OR 'prediction of responses':ti,ab

Results
429
438
9595932
1302
1355
779
818
20180
5241925
4465029
3703629
29597086
9431867
28915500
81960
1592114
588853
339070
560295
511111
535142
41477
296253

420990
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2. Methods for machine learning applied to stratification
Query
#25
#24
#23
#22
#21
#20
#19
#18
#17
#16
#15
#14
#13
#12
#11
#10
#9
#8
#7
#6
#5
#4
#3
#2
#1

#23 AND #24
[embase]/lim NOT [medline]/lim
#20 AND #21 AND ([english]/lim OR [french]/lim OR [italian]/lim OR [spanish]/lim)
#20 AND #21
omic*:ti,ab OR 'machine learning':ti,ab OR 'personalized medicine':ti,ab OR 'personalised medicine':ti,ab
#4 AND #10 AND #16 AND #19
#17 OR #18
validation:ti,ab OR validity:ti,ab OR validated:ti,ab OR 'cross validation':ti,ab OR 'cross validated':ti,ab OR test*:ti,ab OR
'clinical utility*':ti,ab OR accuracy:ti,ab OR robustness:ti,ab OR reliability*:ti,ab OR sensitivity:ti,ab OR specificity:ti,ab OR
benchmark*:ti,ab OR bias:ti,ab OR 'cross study:ti,ab' OR 'cross studies':ti,ab
'validation study'/exp OR 'reliability'/exp OR 'sensitivity and specificity'/exp OR 'benchmarking'/exp
#14 OR #15
omic*:ti,ab OR 'omic based':ti,ab OR 'multi omic*':ti,ab OR genomic*:ti,ab OR transcriptomic*:ti,ab OR proteomic*:ti,ab OR
metabolomic*:ti,ab OR lipidomic*:ti,ab OR epigenomic*:ti,ab OR microarray:ti,ab OR 'rna seq':ti,ab OR 'mass
spectrometr*':ti,ab
#11 OR #12 OR #13
'mass spectrometry'/exp
'microarray analysis'/exp
'omics'/exp OR 'genomics'/exp OR 'epigenetics'/exp
#5 OR #6 OR #7 OR #8 OR #9
'individualized medicine':ti,ab OR 'individualised medicine':ti,ab OR 'individualized therapy':ti,ab OR 'individualised
therapy':ti,ab
'personalised medicine':ti,ab
'personalized medicine':ti,ab
'stratified medicine':ti,ab OR cluster*:ti,ab OR 'sub group*':ti,ab OR subgroup*:ti,ab OR biomarker*:ti,ab OR diagnos*:ti,ab
OR prognos*:ti,ab OR 'precision medicine':ti,ab
'biological marker'/exp OR 'personalized medicine'/exp
#1 OR #2 OR #3
'machine learning'/exp
'statistical learning'/exp
'machine learning':ti,ab OR 'statistical learning':ti,ab OR 'supervised learning':ti,ab OR 'unsupervised learning':ti,ab

688
9568801
1423
1433
59092
4830
6287177
6150811
580344
1174400
852339
758269
455591
68369
299009
5000844
3459
1713
13669
4904827
330768
200079
193633
46
34557
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3. Pre-clinical methods for translational development of stratified therapies and treatments selection
#15
#14
#13
#12
#11

#10

#9
#8
#7
#6
#5

#4

#3
#2

#1

#13 AND #14
[embase]/lim NOT [medline]/lim
#3 AND #6 AND #9 AND #12
#10 OR #11
'disorders of higher cerebral function'/exp/mj OR 'mental disease'/exp/mj OR 'psychosis'/exp/mj
'psychiatric disease*':ti,ab OR 'mental disorder*':ti,ab OR 'psychiatric disorder*':ti,ab OR 'mental illness':ti,ab OR
depression:ti,ab OR 'bipolar disorder':ti,ab OR bipolarism:ti,ab OR anxiety:ti,ab OR 'personality disorder*':ti,ab
OR 'psychotic disorder*':ti,ab OR schizophreni*:ti,ab OR 'eating disorder*':ti,ab OR 'trauma related disorder*':ti,ab
OR 'post traumatic stress disorder*':ti,ab OR 'substance abuse disorder*':ti,ab OR 'asperger syndrome':ti,ab OR
autism:ti,ab OR 'delirium tremens':ti,ab OR epilep*:ti,ab OR 'hallucinogen related disorder*':ti,ab OR hysteria:ti,ab
OR 'minor depressive disorder*':ti,ab OR 'major depressive disorder*':ti,ab OR 'obsessive compulsive
disorder*':ti,ab OR 'obsessive compulsive personality disorder*':ti,ab OR 'schizoaffective disorder*':ti,ab OR
'schizoid personality disorder*':ti,ab OR alzheimer:ti,ab OR dementia:ti,ab
#7 OR #8
'drug therapy'/mj
'therapy selection':ti,ab OR 'therapeutic selection':ti,ab OR 'treatment':ti,ab OR 'patient allocation':ti,ab OR 'drug
therapy':ti,ab OR 'trial success rate':ti,ab OR 'therapy selected':ti,ab OR 'therapeutic selected':ti,ab
#4 OR #5
'biological marker'/exp/mj OR 'personalized medicine'/exp/mj
'stratified medicine':ti,ab OR biomarker*:ti,ab OR 'precision medicine':ti,ab OR 'personalized medicine':ti,ab OR
'personalised medicine':ti,ab OR 'individualized medicine':ti,ab OR 'individualised medicine':ti,ab OR
'individualized therapy':ti,ab OR 'individualised therapy':ti,ab OR 'patient stratification':ti,ab OR 'patient specific
modeling':ti,ab OR 'personalized clinical decision making':ti,ab OR 'personalised clinical decision making':ti,ab
OR 'prediction of response':ti,ab
#1 OR #2
'animal model'/exp/mj OR 'organoid'/exp/mj OR 'in vitro study'/exp/mj OR 'translational research'/exp/mj OR
'disease model'/exp/mj OR 'cell culture'/exp/mj OR 'preclinical study'/exp/mj
'cellular model*':ti,ab OR 'drug development*':ti,ab OR 'drug response':ti,ab OR 'drug evaluation':ti,ab OR 'drug
evaluated':ti,ab OR 'patient specific modeling':ti,ab OR organoid*:ti,ab OR 'in silico':ti,ab OR 'drug response
assay':ti,ab OR 'drug sensitivity screening':ti,ab OR 'pdx models':ti,ab OR 'patient derived xenografts':ti,ab OR
'preclinical pdx':ti,ab OR 'humanised mouse model':ti,ab OR 'preclinical model*':ti,ab OR 'pre clinical stage' OR
'pre clinical testing':ti,ab OR 'translational medical research':ti,ab OR 'disease model*':ti,ab OR 'translational
model*':ti,ab OR 'animal model*':ti,ab OR xenograft*:ti,ab

680
9583919
1133
2126059
1448175

1372445

6083613
243267
5925767
433005
93445

412990

680024
236722

474356
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4. Methods for clinical trials in personalised medicine
No.
#14
#13
#12
#11
#10
#9
#8
#7
#6
#5
#4
#3
#2
#1

Query
#11 AND #12 AND ([english]/lim OR [french]/lim OR [german]/lim OR [italian]/lim OR [spanish]/lim)
#11 AND #12
[embase]/lim NOT [medline]/lim
#7 OR #10
#4 AND #5 AND #8 AND [2020-2020]/py
#4 AND #5 AND #8
'clinical trial*':ti,ab
#3 AND #4 AND #5 AND [2005-2020]/py
#3 AND #4 AND #5
design*:ti,ab OR methods:ti OR method:ti,ab
'biological marker'/exp/mj OR 'personalized medicine'/exp/mj OR 'stratified medicine':ti,ab OR biomarker*:ti,ab OR
'precision medicine':ti,ab OR 'personalized medicine':ti,ab OR 'personalised medicine':ti,ab OR 'individualized
medicine':ti,ab OR 'individualised medicine':ti,ab OR 'individualized therapy':ti,ab OR 'individualised therapy':ti,ab
#1 OR #2
'clinical trial'/exp/mj
'basket trial*':ti,ab OR 'basket stud*':ti,ab OR 'multi arm*':ti,ab OR 'master protocol*':ti,ab OR 'platform stud*':ti,ab OR
'platform trial*':ti,ab OR 'umbrella trial*':ti,ab OR 'adaptive stud*':ti,ab OR 'adaptive trial*':ti,ab OR 'umbrella stud*':ti,ab

Results
927
929
9610086
1221
202
7669
514125
1026
1033
4793126
431819
52941
50652
2402
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