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Executive summary 
 
Background 
Artificial intelligence (AI) methods for patient sub-group stratification have the potential to improve the 
selection of therapeutic methods tailored to different disease sub-types, prevent overtreatment, 
increase treatment efficacy and reduce healthcare costs. However, the planning and implementation 
of AI-based stratification projects involves a multitude of challenges and pitfalls, spanning from the task 
to develop an adequately powered and cost-efficient study design, to the handling of different sources 
of noise and bias in patient-derived data, missing values, outliers, confounding factors, imbalanced 
sample groups, and challenges in high-dimensional data analysis with large numbers of uninformative 
or redundant attributes. A comprehensive and structured assessment of the challenges and risks 
associated with AI-based stratification approaches, and a representative collection of the mitigation 
measures and recommendations to address these challenges, as proposed by experts in the field, 
could help to improve quality in future projects and increase success rates. 
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Methods 
On the basis of a scoping review of the relevant biomedical literature on AI stratification methodologies 
and their application in patient stratification projects, multiple expert consultation workshops involving 
biostatisticians, machine learning scientists and bioinformaticians with broad experience in the field of 
medical AI applications were organized to identify the main practical challenges in the generation of AI-
based stratification models, and propose structured guidelines and recommendations to address these 
challenges. 
 
Results 
The expert consultation workshops provided a consensus list of key generic challenges in AI-based 
stratification projects and multiple recommendations on best practices and pitfalls to avoid for each 
challenge. By structuring the challenges and proposed mitigation measures chronologically by 
consecutive study phases, the resulting table of recommendations may serve as a basis to guide the 
planning and implementation of new projects, and to inform the development of new community 
standards for project documentation and reporting. The generic recommendations derived from the 
workshops also include references to more detailed sub-topic specific guidelines and technical 
methodology publications, to provide guidance for retrieving more comprehensive study-type specific 
technical recommendations. 
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Background 
High-throughput experimental profiling approaches for biosample analysis and growing collections of 
clinical and health record data provide new opportunities for the algorithmic stratification of patients 
with complex diseases. Stratifying patients into distinct sub-groups can help in guiding treatment 
decisions and focusing therapies on the appropriate populations in order to avoid overtreatment, 
improve success rates, and save costs. 
However, many of the available biomedical data types for stratification, including clinical data, omics 
and imaging data among others, also pose particular challenges for data analysis. A high dimensionality 
of the data in relation to small numbers of available samples, influences of additive and multiplicative 
noise, large numbers of uninformative or redundant data features, outliers, confounding factors and 
imbalanced sample group numbers are all common characteristics of current biomedical data 
collections. Classical biomarker discovery approaches, which focus on the statistical analysis of 
individual molecular or clinical markers, may often not be sufficiently robust against the influences of 
noise and biases, and may not capture the full heterogeneity of many complex disorders. Artificial 
intelligence (AI) approaches, in particular multivariate machine learning analysis methods, provide a 
new means to identify biomarker signatures. These multifactorial modeling approaches may capture 
differences between patient sub-groups more comprehensively and sensitively than classical statistical 
approaches for single-marker discovery. While first successes using AI have been achieved in clinical 
decision support tool development using multifactorial omics data as input, e.g. resulting in FDA-
approved omics-based biomarker signatures for multiple cancer indications 1–4, there is still an unmet 
need and great potential for earlier, more accurate and robust diagnostic and prognostic tools for many 
common human diseases. 
 
In this report, we address most common pitfalls and limitations in supervised and unsupervised AI-
based patient stratification, including feature selection and hypothesis testing approaches, as well as 
possible solution and mitigation strategies. By organizing multiple workshops with experts in the fields 
of AI, data science, bioinformatics and biostatistics, we collected and discussed key challenges in the 
field and recommended approaches to address or alleviate these challenges. We have structured the 
identified challenges and recommendations chronologically by the study phase in which they typically 
occur (starting with study design, then covering consecutive phases of biomarker discovery and 
validation, and listing generic study-phase independent rules at the end). While these challenges and 
recommendations cannot comprehensively cover all study-specific and technical issues occurring in 
AI-based stratification projects, they are chosen to cover what the authors believe to be the most 
frequent, significant, and practically relevant issues and risks in biomarker development projects. 
Finally, by pointing the reader to further relevant literature on the covered aspects of biomarker 
discovery and validation, this report also aims to provide an initial guideline and starting point for the 
reader to research project- and application-specific subtopics in more detail. 
The present report focuses on methods for building AI models for patient stratification, a further 
dedicated report is provided on associated validation methods (see deliverable 4.2). 
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Approaches (Methods) 
We followed four steps in developing the final recommendations: 1) Scoping review of the literature, 
2) Working sessions with experts in the field, 3) Workshop with a large group of stakeholders (main 
workshop), 4) Collaborative writing of final set of recommendations (Figure 1). 
 
Figure 1. Development process  

 

2.1 Scoping review 
We first conducted a scoping review, which was previously reported in the deliverable D2.3, to collect 
available evidence on the use of machine learning for patient stratification in the context of Personalised 
Medicine (PM). The key findings of the scoping review, covering the biomarker discovery studies using 
machine learning analysis of omics data which have led to clinically validated diagnostic and prognostic 
tools, have been published in the journal BMJ Open 5.  

2.2 Working sessions 
We conducted two working sessions with experts in the PM field, which aimed to discuss the main 
features of 1) machine learning methods for stratification; 2) validation methods for stratification models. 
Moreover, a preliminary joint meeting organised by WP4 and WP3 focused on sample size calculation. 
 

2.2.1 Participants  
An initial list of stakeholders of the PM ecosystem was created by the PERMIT Project Manager (PG) 
and then shared with all WP coordinators for further suggestions on expert names related to their WP 
domain. From the shared list, WP4 coordinator selected some experts in PM and domain experts in 
biostatistics, machine learning and bioinformatics, who had prior experiences in artificial intelligence-
based stratification. These experts were involved both in the working sessions on machine learning 
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methods for stratification (see section 2.2.2), and the workshop on validation methods (see deliverable 
4.2). 
 

2.2.2 Key points/questions for the discussion in working session 1: machine learning methods 
for stratification 
 
Prior to the working sessions, a 6-page preparatory document written by the coordinator of WP4 was 
provided to all meeting participants (see Appendix 1). This document contained pre-reading material 
for both working sessions, covering general background information on the PERMIT project for external 
participants, specific background information and goals for the working sessions, the role of the meeting 
participants, and a short list of relevant literature references. In addition to this reading material, a short 
presentation on the PERMIT project and prior relevant findings from the literature scoping review was 
given at the beginning of the meeting as a basis for the subsequent discussion between all participants. 
The key questions addressed during the discussion part were the following: 
 

 Where do the meeting participants see the main gaps and limitations in current machine learning 
workflows for patient stratification? 

 Do the findings from the literature scoping review presented at the beginning of the meeting 
match with the participants’ experiences, and should the inclusion and structuring of covered 
topics on gaps, pitfalls and limitations in machine learning (ML) methodologies for patient 
stratification be revised or extended? 

 Which generic methodologies and measures would the stakeholders recommend to avoid 
common pitfalls in biomedical machine learning discovery studies, and which best practices, 
existing guidelines, standardization efforts, or generic advice should be considered to improve 
quality in future studies? 

 

2.3 Main workshop 
The workshop aimed to agree on and discuss the final selection, structuring and phrasing of the 
proposed key challenges and recommendations on machine learning and validation methods for patient 
stratification. In particular, the main agreed discussion topics were the specific chronological structuring 
of recommendations by study phase (1. Planning phase: Study design; 2. Discovery phase: Data 
collection & pre-processing; 3. Discovery phase: Model building & optimization; 4. Validation phase: 
Evaluation & interpretation), the inclusion/exclusion and filling of gaps for the working session derived 
generic best practice recommendations and pitfalls/issues to avoid for each of the study phases, and 
the refinement of the recommendation formulations in terms of highlighting key aspects and finalizing 
the included references to existing technical method explanations and guideline documents. 
 

2.3.1 Participants  
The following list (Table 1) provides information on the names, affiliations and the domain expertise 
for the invited workshop participants: 
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Name Affiliation Country Domain expertise 

Anne-Laure Boulesteix 
Ludwig-Maximilians-
University Munich 

Germany 
biostatistics and machine 
learning 

Francisco Azuaje Genomics England 
United 
Kingdom 

biomedical data science, 
artificial intelligence, AI for 
healthcare 

Holger Fröhlich 
Fraunhofer Institute for 
Algorithms and Scientific 
Computing SCAI 

Germany 
artificial intelligence, 
biomedical data science, 
bioinformatics 

Isabel A. Nepomuceno 
Chamorro 

Universidad Pablo de 
Olavide 

Spain 
data analytics science, 
bioinformatics, data mining 

Petr Nazarov 
Luxembourg Institute of 
Health 

Luxembourg 
biostatistics, machine 
learning, bioinformatics 

Paolo Frasconi University of Florence Italy 
machine learning, 
computer science 

Ramon Diaz-Uriarte 
Universidad Autónoma de 
Madrid 

Spain 
bioinformatics, 
computational biology, 
statistical computing 

Rosalba Giugno University of Verona Italy 
bioinformatics, systems 
biology, data mining 

Armin Rauschenberger University of Luxembourg  Luxembourg 
biostatistics, machine 
learning (representative of 
PERMIT WP4) 

Enrico Glaab  University of Luxembourg  Luxembourg 

bioinformatics, machine 
learning, biostatistics 
(representative of PERMIT 
WP4) 

Table 1: List of invited workshop participants with affiliations and domain expertise information. 
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2.3.2 Development of the questions to address in the workshop 
 
As the invited participants had already taken part in the working sessions for WP4 and received the 
relevant pre-reading material for these sessions (see Annex I), no further preparatory material was 
circulated. Based on the discussions carried out during the working sessions, the coordinator of WP4 
drafted the questions to be addressed in the main workshop, which are reported in Table 2 below. 
 

1) Planning phase & study design: 

 Which main mitigation strategies should be proposed to address insufficient statistical power 
in the study design? 

 How can informative and uninformative censoring in stratification studies (e.g. due to dropouts) 
be addressed most effectively? 

 Which methodological recommendations can be given to handle imbalances in the study 
groups (e.g. small relative numbers of control subjects recruited)? 

2) Data collection & pre-processing phase: 

 Which generic measures can be recommended to promote adequate quality control in AI 
stratification studies? 

 Which most common errors and pitfalls to avoid in data pre-processing and filtering should be 
highlighted? 

 How should researchers assess the appropriateness of normalization methods for high-
dimensional experimental data used in AI stratification projects? 

3) Model building & discovery phase: 

 Which best practices for model selection can be recommended to identify the most robust and 
predictive modelling approach for a particular stratification task among a selection of candidate 
methods? 

 Which approaches should be proposed to prevent model overfitting and underfitting? 

 How should researchers optimize an AI model and select suitable performance metric(s)? 

4) Model validation & interpretation phase: 

 How can researchers ensure the robustness of a validation study for AI stratification? 

 Which are the main common methodological errors to avoid in AI model validation projects? 

 Which generic practical recommendations can be given to ensure that AI stratification models 
are sufficiently interpretable and explainable? 

Table 2. Questions designed to guide the discussions on methodology recommendations for AI-based 
stratification in the main workshop 
 

2.4 Collaborative writing and technical validation 
The WP4 coordinators and a subset of experts who participated in the workshop drafted the list of the 
recommendations, working collaboratively on a joint Google Document. The aim was to reach a 
consensus on the selection, priority and wording of a text covering the ten most relevant generic 
challenges for AI-based patient stratification projects, and practical recommendations to address each 
of these challenges (using the “Ten simple rules” format of the PLoS Computational Biology journal). 
The rules were structured chronologically to reflect the different project phases in stratification studies, 
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starting with the planning and study design phase and ending with the validation phase and generic 
study-phase independent recommendations. 
 

2.6 Implementation 

A workshop, which is planned for March 2022, will be organized to discuss with all stakeholders how 
the recommendations developed will be implemented. Representatives from all key stakeholders, 
within the consortium and beyond, will be engaged in the preparation of this interactive workshop, and 
will be asked to describe how the recommendations can be integrated and implemented in their 
particular field as well as what measures should be taken to increase dissemination and uptake. 

 

Results 
 
The following table (Table 3) covers the common challenges and risks in AI-based patient stratification 
using biomedical data, which have been identified during the expert consultation workshops, and the 
possible mitigation strategies that were proposed by the experts to address these challenges. The 
challenges have been sorted chronologically by the study phase, and cover the steps from the initial 
planning phase to the modeling phase (the validation phase is discussed in a dedicated report as part 
of deliverable no. 4.2). As indicated in brackets in the table, the expert discussions and collected results 
covered both supervised and unsupervised AI learning methods for stratification. The likelihood and 
impact of the identified risks/challenges were rated jointly by consensus among the experts on a scale 
on a three-point scale (low, medium or high; see columns 2 and 3 in Table 3). For each challenge/risk, 
recommended mitigation strategies were also identified by the experts, or collected from the prior 
review of the machine learning literature (deliverable 2.3) and then validated by the experts during the 
consultation workshops. A diagram, showing a generic workflow recommendation of key steps to 
consider in the discovery and development phases of AI-based patient stratification projects is shown 
in Fig. 1. 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

1) Planning phase: Study design & documentation 

Insufficient sample 
size / study 
underpowered 

 
(associated risk: 
winner’s curse in 
underpowered 
studies leading to 
overestimated effect 
sizes) 

high medium or 
high 

 Prior power estimation using simulations, statistical 
tests and prior pilot data to choose a more adequate 
sample size, decide on additional patient 
recruitment needs, and the choice of the 
measurement type that provides the most suitable 
relation between sample size requirements and cost 
and effort per sample 

 Algorithmic biospecimen selection to ensure chosen 
biobank samples are matched and balanced 
between the study groups with respect to common 
confounding factors (specific to supervised learning) 

 Integration of complementary data (e.g. multi-omics 
data) and prior biological knowledge (e.g. known 
molecular disease associations from the biomedical 
literature) to pre-filter or aggregate the used 
features 

 Addressing the winner’s curse by applying stringent 
error estimate procedures (e.g. 6) 

Imbalanced study 
groups (e.g. 
insufficient control 
subjects recruited; 
specific to supervised 
learning) 

medium medium  Plan for further subject recruitment during the study 

 Address class imbalance in the modeling phase 
(over-sampling, under-sampling, class penalties / 
weights & cross-validation of performance measures 
accounting for class imbalances) 

 Consider ensemble learning as a means to address 
the class imbalance problem 7 

 

Dropouts in 
longitudinal studies 
(informative and 
uninformative 
censoring) 
 

medium 
to high 

low to high, 
depending 
on the 
study 

 Plan for further subject recruitment during the study 

  

 Address dropouts in the modeling phase, as far as 
possible (imputation techniques for missing values, 
sensitivity analyses to simulate best and worst-case 
scenarios, and use of drop-out event as study end-
point) 

 Carefully consider possible causes of censoring with 
subject-matter specialists (and mention some of 
these issues are similar to those addressed in 
epidemiological estimates of causal effects). 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

Missing clarity on 
clinical applications 
for the biomarker 
model to be built 

medium high  Precise prior definition of primary/secondary 
outcomes 

 Precise prior definition of experimental conditions 
studied (diseases / subtypes, treatments; specific to 
supervised learning) 

 Precise inclusion and exclusion criteria, clear 
definition of study scope 

 Use established and objectively measurable 
outcome definitions assessed in previous studies 
(specific to supervised learning) 

 Determine before the analysis the variables to 
include in the model. Include "traditional clinical 
data" in supervised prediction studies to assess 
added value of omics data (specific to supervised 
learning) 

Study implementation 
is not reproducible 

low to 
medium 

low to high  Documentation of all experimental and analytical 
steps, machines/software & versions, parameters 
and settings used 

 Experimental analyses: Assess reproducibility using 
sufficient technical and biological replicates 

 Computational analyses: Use workflow management 
software with automated documentation and data 
provenance management, version control systems, 
set seed number for random number generator, 
save copies of used software packages, 3-2-1 backup 
strategy 

2) Discovery phase: 
Experimental profiling / data collection 

Inadequate type(s) of 
biospecimens 
collected 

medium 
to high 

high  Prior verification of the disease relevance of tissue 
pool / cell type / body fluid studied 

 Use of established sample collection methods / SOPs 

Inadequate choice of 
experimental 
measurement 
platform 

low to 
medium 

medium to 
high 

 Use previously established and validated 
measurement platforms with prior data on 
sensitivity, reproducibility, dynamic range, sources 
of additive and multiplicative technical noise 

 Compare sensitivity, robustness and dynamic range 
of alternative measurement platforms 

Inadequate 
sequencing depth and 

low high  Follow application-specific prior recommendations 
to achieve adequate depth and coverage 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

coverage (NGS studies 
only) 
 

(https://genohub.com/recommended-sequencing-
coverage-by-application) 

 Conduct pilot experiments or simulation studies to 
choose suitable study design 

Inadequate sample 
selection and 
matching strategy 
(specific to supervised 
learning) 

medium medium  For small-scale pilot studies: Manual sample filtering 
and matching for potential confounders 

 For large-scale discovery studies: Algorithmic 
biospecimen selection to ensure chosen biobank 
samples are matched and balanced with respect to 
common confounding factors 

Batch effects and 
biases in the 
experimental data / 
inadequate 
measurement design 
(arrangement of 
samples in the 
measurement 
instrument) 

medium 
to high 

high  Choose adequate sampling, measurement and 
blocking design (minimizing number of distinct 
batches, ensuring all conditions are well represented 
across different batches) 

 Address batch effects and biases during the 
analysis/modeling phase, if possible (batch 
correction, single-sample and multi-sample 
normalization techniques) 

Inadequate numbers 
of biological and 
technical replicates 

medium 
to high 

high  Collect prior data on technical reproducibility of the 
measurement platform 

 Conduct power calculation using simulations, 
statistical tests and prior pilot data 

Medication/treatment 
effects confound the 
measurement data 

medium 
to high 

low to high  Include untreated de-novo patients in the study 
cohort 

 Adjust for medication effects in the modeling phase 
(requires corresponding measurement data and 
sufficient sample size) 

 Do not adjust for common effects of outcome and 
biomarkers (or common effects of variables 
correlated to biomarkers and outcome) to avoid 
Berkson’s paradox / collider bias 

3) Modeling phase: Computational model building and optimization  

Inadequate data pre-
processing, filtering or 
normalization 

low to 
medium 

medium  Assess assumptions and consequences of likely 
deviations from assumptions. 

 Apply data pre-processing techniques tailored 
specifically to the data distributions and sources of 
additive and multiplicative noise for the collected 
measurement data 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

 Compare (and if applicable, combine) multiple pre-
processing approaches using before & after quality 
control analyses and cross-validation 

Modeling approach is 
not suitable for used 
measurement data or 
application 

medium 
to high 

high  Consider the analysis goals (probabilistic vs. 
categorical prediction, focus on model 
interpretability vs. focus on model performance) and 
the type (categorical, numerical, ordinal) and 
number of input and output features, and the 
available number of samples to pre-select suitable 
modeling approaches for comparative evaluation 

 Study the properties of the data using low-
dimensional data visualizations and distribution 
plots to select more suitable modeling approaches. 
Beware, though, that low-dimensional intuitions of 
patterns in high-dimensional data can be seriously 
misleading 

 Compare multiple representative types of modeling 
approaches using cross-validation, while taking into 
consideration the multiple hypothesis testing 
problem (avoiding overfitting, and adjusting model 
significance scores for multiple testing). Consider 
providing not only p-values but also confidence 
intervals and similar measures of uncertainty. 

 Consider ensemble learning approaches as an 
alternative to single-algorithm modeling approaches 

 Consider using a meta-learning algorithm to choose 
the most appropriate modeling method among 
multiple pre-selected options  

Model overfitting or 
underfitting 

medium 
to high 

high  Use regularization and choose regularization 
parameter based on cross-validation (with a data 
split not used to assess final model performance) to 
prevent both over- and underfitting 

 Combine dimension reduction methods (feature 
selection or feature transformation) with 
subsequent learning algorithms 

 Include all dimension reduction steps (as well as 
imputation and other data-driven data processing) in 
the cross-validation/bootstrap assessments of model 
performance. 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

Inadequate use of 
global supervised 
feature selection 
(specific to supervised 
learning) 

medium 
to high 

high  Do not combine global supervised feature selection 
with subsequent cross-validated supervised machine 
learning analysis, to avoid overestimation of model 
performance due to information leaks 

 Apply combinations of supervised feature selection 
and machine learning approaches only by including 
both steps within the cross-validation 

Inadequate 
parameter 
optimization / tuning 
methods 

medium 
to high 

high  Use a two-level nested cross-validation to apply 
parameter optimization within the inner cross-
validation loop and avoid model overfitting (specific 
to supervised learning) 

 Use ML approaches that avoid parameter tuning 
(e.g. using ensembles of models with different 
parameter sets) 

Inadequate use of 
supervised 
discretization 
approaches 
(specific to supervised 
learning) 

low to 
medium 

high  Do not apply global supervised discretization prior to 
cross-validated supervised machine learning, to 
avoid overestimation of model performance due to 
information leaks 

 Apply combinations of supervised feature 
discretization and machine learning approaches only 
by including both steps within the cross-validation 

Inadequate use of 
over-sampling 
techniques 
(specific to supervised 
learning) 

low to 
medium 

high  Do not use over-sampling techniques such as SMOTE 
to create test set samples that closely resemble 
samples from the training set in cross-validation or 
training/test set evaluations to prevent an 
overestimation of model performance 

The biological 
mechanism(s) 
underlying the model 
/ biomarker signature 
is/are unclear 

medium 
to high 

low to high  Integrate prior biological knowledge into the model 
building procedure (e.g. pathway-based feature 
selection, molecular network guided selection of 
predictive features) 

 Use biomedical text mining and subsequent manual 
curation of literature articles to study the biological 
relevance / disease relevance of the molecular 
features included in the model 

Clusters derived from 
unsupervised 
stratification analysis 
do not show sufficient 

high high  Apply multiple alternative clustering algorithms and 
select the method and parameters using cluster 
validity indices (e.g. Silhouette width, Calinski-
Harabasz index, Davies-Bouldin index) 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

separation and 
compactness 
(specific to 
unsupervised 
learning) 

The identified clusters 
are not sufficiently 
robust and 
reproducible across 
different datasets 
(specific to 
unsupervised 
learning) 

medium 
to high 

high  Consider cluster stability measures in the 
assessment of clustering results across multiple 
compared algorithms and parameters to select the 
most stable clusters (e.g. using bootstrapping) 

 Search for shared clustering patterns (involving the 
same biomolecules/cellular pathways) across 
distinct datasets/cohorts already in the model 
building phase, while keeping a sufficiently large 
hold-out set available for validation 

The scores obtained 
for the used cluster 
validity measures are 
low and/or the 
differences between 
scores for different 
numbers of selected 
clusters are not 
statistically significant 
(specific to 
unsupervised 
learning) 

high medium to 
high 

 Use statistical tests to assess whether the data 
features have a multimodal or unimodal distribution 
(e.g. Hartigan’s dip test), if there is no evidence for 
multimodality, this may indicate that no robust 
clustering patterns can be extracted from the data 

 Investigate alternative clustering approaches using 
aggregated data features (e.g. representing global 
activities of cellular pathways rather than individual 
biomolecules) in order to identify clearer and more 
robust clustering patterns  

The disease relevance 
of identified clusters 
is unclear 
(specific to 
unsupervised 
learning) 

medium 
to high 

medium to 
high 

 Investigate the correlations between the clusters 
and available clinically relevant outcome measures, 
and the correlations with common confounding 
variables 

 Search for molecular signatures which show both 
significant differences between patients and 
controls, and between patient-specific clusters 
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Challenge/Risk Likelihood 
(low, medium 
or high) 

Impact 
(low, medium 
or high) 

Mitigation strategies 

 Investigate the molecular features included in the 
clustering signature using prior biological knowledge 
from the literature and public functional annotation 
and pathway databases 

 
Table 3: Identified challenges and risks during the planning and discovery phases of AI-based patient 
stratification projects (column 1), including a qualification of risk likelihood (column 2) and impact (column 3), 
and proposed mitigation strategies (column 4). 

 
 
Fig. 1: Schematic overview of the common generic tasks to plan and consider during the discovery and 
development phases of AI-based stratification biomarker projects. 
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Discussion and Conclusions 

 
Patient stratification projects using AI-based analyses of biomedical data involve complex 
interdisciplinary collaborations and several interdependent tasks and decisions, ranging from the initial 
choice of study design parameters, the approaches for data collection and preprocessing, and the 
strategies for model building and validation. Many of the challenges in these projects are study- and 
problem-specific, and cannot be fully addressed by general guidelines and recommendations. 
However, a variety of common pitfalls, issues and limitations are shared across the majority of 
biomarker discovery projects, and dedicated strategies and methods to circumvent or alleviate these 
common problems are already available. 
In this report, we have provided a chronological summary of some of the most frequent challenges that 
occur during the typical phases of biomarker projects, and recommend methods and software tools that 
may help to avoid unsuitable study designs, prevent model building and analysis errors, and increase 
chances for success. Since the practical implementation for many of the covered topics would require 
more detailed explanations, for each discussed study phase we direct the reader to further relevant 
literature with more detailed technical method descriptions and study-type specific guidelines.  
The main conclusions from the discussions during the expert consultation workshops, chosen 
according to their practical relevance and broad applicability, include the following recommendations 
sorted by study phase: 
 
 
1.) Study design 
 
A key first step in the preparation of biomedical stratification and prediction studies is to define the 
scientific objective and scope clearly and in detail. Common pitfalls to avoid include imprecise goals 
such as unclear primary and secondary biomedical outcomes to investigate, or a loosely defined study 
scope in terms of subject inclusion and exclusion criteria. This can lead to an inappropriate feasibility 
and risk assessment, to misunderstandings between the collaborators, and ultimately to a delayed or 
unsuccessful implementation. The collaborators should therefore agree on, and precisely define, the 
key aspects of their study well in advance, and jointly assess the feasibility and suitability of the planned 
study design in relation to the study goals. Apart from the definition of the specific scope, objectives 
and milestones, this also includes the specification of experimental design choices, e.g. the choice of 
relevant experimental conditions to study (diseases/sub-types/treatments), the selection of  a suitable 
tissue pool / cell type(s) and measurement platform, and the biological sampling design (i.e. how the 
samples will be collected, if not already available, the blocking design 8 and measurement design, i.e. 
the arrangement of samples in the measurement instrument and across different measurement batches 
9). Moreover, to ensure that the study is adequately powered and that biospecimen resources are used 
efficiently, dedicated sample size determination methods, e.g. power calculation approaches 10, and 
sample selection and matching methods (e.g. for confounder matching between cases and controls) 11 
should be applied. 
Studies whose goal is to assess the effects of interventions should include covariates that, if left out, 
would lead to confounding (e.g. common causes of treatment and outcome); but these studies should 
not include covariates that are common effects of treatment and outcome, as that would lead to 
selection and collider bias, nor should they indiscriminately include pretreatment covariates as they can 
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induce bias amplification 12–14. In contrast, studies that are purely predictive, without an interest in 
causation, need not be concerned about confounding, and the criteria of covariate inclusion strictly 
depend on increasing predictive performance. 
Finally, plans for ensuring that legal and ethical requirements are met during the study, and for 
maintaining data security and privacy should be laid out in the study design, e.g. following specific 
frameworks and guidelines for this purpose 15,16. 
 
 
2.) Data quality control and standardization 
 
Many biomedical datasets derived from non-targeted molecular profiling or high-throughput imaging 
approaches are affected by multiple sources of noise and bias, and clinical datasets are often not 
harmonized across different patient cohorts. Therefore, quality control and filtering analyses, data 
curation, annotation and standardization represent an important initial step in biomedical data 
processing pipelines. Relevant quality controls typically include statistical outlier checks and the 
application of data-type specific quality metrics, for which the user can rely on established software 
packages, e.g. the fastQC/FQC package for next-generation sequencing (NGS) data 17, 
arrayQualityMetrics for microarray data 18, pseudoQC, MeTaQuaC and Normalyzer for proteomics and 
metabolomics data 19–21, and further dedicated approaches have been proposed for cellular and neuro-
imaging data 22,23, clinical data 24,25, and digital biomarkers 26. All quality checks should ideally be 
applied both before and after the pre-processing of the raw data to ensure that all major quality issues 
have been resolved and no artificial patterns were introduced by inadequate pre-processing methods.  
Apart from the initial processing and filtering of data, the curation of clinical data also involves dedicated 
checks and data transformations, e.g. ensuring that the values fall within acceptable ranges (e.g. age 
and body-mass-index values should lie within normal ranges), resolving inconsistencies (e.g. different 
units or value encodings), and transforming the data to standard formats (e.g. OMOP 27, CDISC 28, 
ICD10/11 29, SNOMED CT 30). Beyond these curation steps, a minimum set of required complementary 
annotations should also be made available for subsequent data analyses and dissemination. Standard 
formats for providing annotations for the most common experimental and clinical data types have 
already been established, e.g. the MIAME 31 and MINSEQE 32 guidelines for microarray and NGS 
experiments, and corresponding standards for metabolomics and proteomics data (e.g. MIAPE 33 and 
MSI 34. These standards should be adopted ideally already in the early data processing stages. 
Finally, as part of the data curation and standardization, it is recommendable to compare and evaluate 
multiple options to define primary and secondary study endpoints and other key input and outcome 
variables (e.g. comparing different definitions of tumor grades or disease stages, or different disease 
ontologies 35). Considering multiple definitions of the same disease outcomes can help to address lack 
of clarity or loss of information associated with the use of only a single outcome definition. 
 
 
3.) Data pre-processing and filtering 
 
Raw biomedical data is often influenced by a variety of preanalytical factors, resulting in systematic 
biases and a shifting and scaling of the measured signals. Many artifacts and normalization issues are 
data type specific, and therefore dedicated pre-processing and filtering methods need to be applied for 
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each studied data type. Tailored software solutions have been made available to pre-process clinical 
data 24, NGS data 36, microarray data 37, different types of metabolomics and proteomics data 21, and 
cellular and brain imaging data 38–40. Although no generic rules and methods exist for all data types, 
some of the following general considerations apply to most datasets. For data features with a large 
proportion of missing values (e.g. more than 30% of values missing), researchers may want to consider 
removing these attributes completely. For features with smaller numbers of missing values, imputation 
methods or machine learning methods that tolerate a limited occurrence of missing values may be 
applied, depending on the type of absence (see 41 and recommendation 5 below). To filter out 
uninformative data attributes, the removal of features with zero variance or small variance relative to 
the common value range is also recommended, and further alternative filtering methos using the sum 
of absolute covariances 42 or tests of the unimodality or multimodality of the data distribution have been 
proposed 43. For many data types, the filtered data should additionally undergo standardization, 
transformation or scaling steps. For example, standardization can help to make clinical features on 
different scales more comparable by, and an underlying Gaussian distribution for a variable with 
apparent exponential distribution can be exposed by applying a Box-Cox transformation 44. Moreover, 
functional omics data often displays a dependence of the feature signal variance on the average signal 
intensity, which can be addressed by a variance stabilizing transformation 45–47. 
Finally, the successful application of data filtering and pre-processing should be checked and 
evaluated, e.g. by repeating initial quality control analyses (see above), and assessing global shape 
and distribution characteristics of the processed data using low-dimensional visualizations and control 
plots 48. 
 
4.) Selection of the modeling approach 
 
After data pre-processing, appropriate statistical and machine learning methods need to be chosen for 
the analysis. Model selection strongly depends on the analysis goals, e.g. whether a probabilistic 
description of the data or a prediction of a categorical outcome is needed, and whether the study focus 
is on model interpretability or model performance. To pre-select suitable algorithms for comparative 
evaluation, the number of input and output features, the number of available samples, and the type of 
features (categorical, numerical, ordinal) need to be considered 49. The selection of the modeling 
procedure can also be informed by low-dimensional data visualizations and distribution plots 50–52. 
However, low-dimensional intuitions of patterns in high-dimensional data can also be misleading, if the 
sample distances in the original feature space are not well preserved and partly reflect idiosyncrasies 
of the visualization method 53. To facilitate model selection for the non-expert, more recently, automated 
machine learning (AutoML) approaches have been proposed, which use combinatorial search 
algorithms and heuristics to replace manual tasks in model selection 54. 
Once suitable modeling procedures have been chosen, comparing multiple representative approaches 
is recommended. This can be achieved using cross-validation methods or bootstrapping, followed by 
comparing different performance metrics using statistical tests 55. However, overfitting should be 
avoided by using nested cross-validation for parameter tuning, and the significance scores for 
performance statistics should be adjusted for multiple hypothesis testing 56. Apart from p-value 
significance scores, confidence intervals and similar measures of uncertainty should be assessed 57, 
taking into consideration the limitations of these uncertainty measures for different applications 58. 
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Finally, in addition to assessing individual machine learning algorithms, the integration of modeling 
approaches using ensemble learning (for supervised problems) or consensus clustering (for 
unsupervised problems)  may be explored to exploit the benefits of different modeling approaches 59,60. 
While extensive model evaluations and comparisons are generally beneficial, the success and 
feasibility of the overall model selection scheme will ultimately also depend on a realistic time planning 
and consideration of the run-time requirements for the preselected algorithms 61. 
 
5.) Model optimization 
 
In biomedical data analysis, the number of features often greatly exceeds the number of samples 
(referred to as “p >> n” problem), increasing the risk for overfitting the training data during model 
building and obtaining models with low generalization performance. Two popular approaches to prevent 
overfitting are ridge and lasso regularization 62, which shrink the squared, or respectively the absolute 
model coefficients, towards zero, A further alternative, the elastic net 63, combines features of both 
ridge regression and the lasso, and can handle correlated variables more effectively than the lasso  64. 
By choosing an optimal regularization parameter, which determines the extent to which estimated 
model coefficients are shrunk towards zero, we can prevent model overfitting (insufficient shrinkage) 
and underfitting (too much shrinkage). The most common way of optimizing this and other 
hyperparameters is to perform a grid search with cross-validation, but there are more efficient 
alternatives 65 and Bayesian procedures, in which the prior performs the role of the penalty 66. 
A common mistake is to not only perform unsupervised but also supervised feature selection outside 
the cross-validation. For example, removing features because of their low variance or their high 
correlation with other features is a suitable global filtering approach, but removing features from both 
training and test set data because of their low correlation with the target variable is an error 62. 
Supervised attribute selection must take place inside the cross-validation to avoid information leakage 
and overoptimistic estimates of predictive performance resulting from a selection bias. This also applies 
if the aim is to compare different approaches (e.g., data pre-preprocessing, feature transformation) to 
select the most suitable for making test set predictions. Moreover, if cross-validation is applied for both 
hyperparameter optimization and performance estimation, a nested cross-validation scheme is 
required, i.e. while an outer cross-validation loop is used for performance estimation, an inner cross-
validation loop is used for hyperparameter optimization. An alternative to selecting one hyperparameter 
by cross-validation is to combine multiple hyperparameters by stacked generalization. Furthermore, 
predictive models avoiding explicit hyperparameter optimization may be chosen, e.g., random forests 
67. 
Finally, for many biomedical applications, natural structures among features or complementary 
information for the features can be exploited as an additional information source for model building. For 
example, among causally related features we might want to prioritize the selection of upstream over 
downstream features as predictors 68, to account for pairs or groups of functionally related features 69,70, 
or to transfer information from previous studies (i.e., prior weights or prior effects) into the learning 
procedure. Such guidance during the learning phase has the potential to render models more predictive 
and more interpretable. 
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Summary 
 
For each study phase, from the initial study design to model selection and optimization, multiple 
challenges and limitations were identified in the expert consultation and recommended best practice 
procedures as well as pitfalls to avoid have been proposed. The recommendations cover many of the 
common issues in AI-based stratification studies and have broad applicability across different disease 
indications and study designs. Since further study-specific challenges may occur in practice that cannot 
be addressed in detail within the more generic scope of this project, references for more detailed topic-
specific technical guidelines are provided for each study phase. Overall, the key recommendations 
reflect the necessity to ensure that AI-based stratification projects have sufficient statistical power and 
data quality, use adequate standardization and processing methods, and compare or combine different 
methodologies for data pre-processing, model building and optimization to avoid performance 
bottlenecks resulting from idiosyncrasies of individual algorithms. 

 

Next Steps 
 
The combination of a literature survey on machine learning methods for stratification and subsequent 
expert consultation workshops have identified key challenges in using AI for stratification, structured 
these challenges by their relevance for different study phases, and proposed recommendations to 
address them. To promote the practical implementation of these recommendations and further facilitate 
AI-based stratification projects, further follow-up steps are needed. In particular, for clinical AI-driven 
stratification, additional standardization efforts are required for both AI methodologies and the 
documentation and reporting of AI projects and modeling results. To ensure that comprehensive 
standards are implemented in practice and supported by all relevant stakeholders, further knowledge 
exchange and discussions between researchers, practitioners and regulators in the field will need to 
be organized to reach a consensus on minimum information and documentation standards, and 
minimum methodological requirements to ensure robustness and validity of AI models. 
To successfully adopt new guidelines and standards in research funding programs, journal publishing 
guidelines and clinical and legal regulations, broad agreements are also required between scientists in 
the field, funding bodies, science publishers, regulators and science policy makers. Standard reporting 
and documentation schemes, and standard formats for meta-data and model annotations will need to 
be actively promoted by representative stakeholders to gain wide acceptance and become common 
practice. This will initially also require a wide-reaching dissemination of proposed standard guidelines 
and best practice recommendations in peer-reviewed articles, on dedicated web-pages and social 
media platforms, and a subsequent integration of guidelines with strong community support into 
research journal and grant peer review policies, as well as clinical biomarker development regulations. 
Furthermore, best practice recommendations and guidance on how to avoid common pitfalls and errors 
in AI-based stratification, which go beyond the above-mentioned minimum requirements, will need to 
be promoted by institutional and journal publisher guidelines, and integrated into educational programs 
in academia and public and private research institutes and companies. 
Once first community-driven guidelines and standards for AI-based stratification modeling have been 
established, future developments in experimental and computational biomarker technologies may also 
require a regular update and adaptation of these guidelines. Thus, regular meetings of key stakeholders 



 
 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

in the field, e.g. as part of annual research conferences, involving a systematic review and revision of 
current AI stratification methodologies should be organized. A corresponding organizational framework 
would help to ensure that continuous adjustments and improvements of relevant guidelines and 
recommendations can be implemented in pace with the fast-progressing research field. 

 

References 
 
1.  Guergova-Kuras M, Schneider MP, Jullian N, Afshar M. Shorter multimarker signatures: A new 

tool to facilitate cancer diagnosis. Eur J Cancer. 2014;50:S160. doi:10.1016/S0959-
8049(14)50587-4 

2.  Slodkowska EA, Ross JS. MammaPrintTM 70-gene signature: Another milestone in 
personalized medical care for breast cancer patients. Expert Rev Mol Diagn. 2009;9(5):417-
422. doi:10.1586/erm.09.32 

3.  Alvarado MD, Prasad C, Rothney M, et al. A Prospective Comparison of the 21-Gene 
Recurrence Score and the PAM50-Based Prosigna in Estrogen Receptor-Positive Early-Stage 
Breast Cancer. Adv Ther. 2015;32(12):1237-1247. doi:10.1007/s12325-015-0269-2 

4.  Dalela D, Löppenberg B, Sood A, Sammon J, Abdollah F. Contemporary Role of the Decipher® 
Test in Prostate Cancer Management: Current Practice and Future Perspectives. Rev Urol. 
2016;18(1):1-9. 

5.  Glaab E, Rauschenberger A, Banzi R, Gerardi C, Garcia P, Demotes J. Biomarker discovery 
studies for patient stratification using machine learning analysis of omics data: a scoping 
review. BMJ Open. 2021;11(12):e053674. doi:10.1136/bmjopen-2021-053674 

6.  Zöllner S, Pritchard JK. Overcoming the winner’s curse: Estimating penetrance parameters 
from case-control data. Am J Hum Genet. 2007. doi:10.1086/512821 

7.  Galar M, Fernandez A, Barrenechea E, Bustince H, Herrera F. A review on ensembles for the 
class imbalance problem: Bagging-, boosting-, and hybrid-based approaches. IEEE Trans Syst 
Man Cybern C Appl Rev. 2012;42(4):463-484. doi:10.1109/tsmcc.2011.2161285 

8.  Casler MD. Blocking Principles for Biological Experiments. Appl Stat Agric Biol Environ Sci. 
2018:53-72. doi:10.2134/appliedstatistics.2015.0074.c3 

9.  Nygaard V, Rødland EA, Hovig E. Methods that remove batch effects while retaining group 
differences may lead to exaggerated confidence in downstream analyses. Biostatistics. 
2016;17(1):29-39. doi:10.1093/biostatistics/kxv027 

10.  Tarazona S, Balzano-Nogueira L, Gómez-Cabrero D, et al. Harmonization of quality metrics 
and power calculation in multi-omic studies. Nat Commun. 2020;11(1). doi:10.1038/s41467-
020-16937-8 

11.  de Graaf MA, Jager KJ, Zoccali C, Dekker FW. Matching, an appealing method to avoid 
confounding? Nephron Clin Pr. 2011;118(4):c315-8. doi:10.1159/000323136 

12.  Hernan MA, Robins JM. Causal Inference. CRC Press; 2019. 
https://books.google.com/books/about/Causal_Inference.html?hl=&id=_KnHIAAACAAJ LB  - 
mOws. 

13.  Ding P, VanderWeele TJ, Robins JM. Instrumental variables as bias amplifiers with general 
outcome and confounding. Biometrika. 2017;104(2):291-302. doi:10.1093/biomet/asx009 

14.  Pearl J. Causality: Models, Reasoning, and Inference.; 2009. 



 
 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

https://books.google.com/books/about/Causality.html?hl=&id=Y_qiAQAACAAJ LB  - mA9e. 
15.  Aramesh K. An Ethical Framework for Global Governance for Health Research. Springer 

Nature; 2019. https://play.google.com/store/books/details?id=5Cy-DwAAQBAJ LB  - 2IW7. 
16.  Abouelmehdi K, Beni-Hessane A, Khaloufi H. Big healthcare data: preserving security and 

privacy. J Big Data. 2018;5(1). doi:10.1186/s40537-017-0110-7 
17.  Brown J, Pirrung M, Mccue LA. FQC Dashboard: Integrates FastQC results into a web-based, 

interactive, and extensible FASTQ quality control tool. Bioinformatics. 2017;33(19):3137-3139. 
doi:10.1093/bioinformatics/btx373 

18.  Kauffmann A, Gentleman R, Huber W. arrayQualityMetrics - A bioconductor package for quality 
assessment of microarray data. Bioinformatics. 2009;25(3):415-416. 
doi:10.1093/bioinformatics/btn647 

19.  Wang S, Yang H. pseudoQC: A Regression-Based Simulation Software for Correction and 
Normalization of Complex Metabolomics and Proteomics Datasets. Proteomics. 2019. 
doi:10.1002/pmic.201900264 

20.  Kuhring M, Eisenberger A, Schmidt V, et al. Concepts and Software Package for Efficient 
Quality Control in Targeted Metabolomics Studies: MeTaQuaC. Anal Chem. 
2020;92(15):10241-10245. doi:10.1021/acs.analchem.0c00136 

21.  Chawade A, Alexandersson E, Levander F. Normalyzer: A tool for rapid evaluation of 
normalization methods for omics data sets. J Proteome Res. 2014. doi:10.1021/pr401264n 

22.  Huguet J, Falcon C, Fusté D, et al. Management and Quality Control of Large Neuroimaging 
Datasets: Developments From the Barcelonaβeta Brain Research Center. Front Neurosci. 
2021;15:633438. doi:10.3389/fnins.2021.633438 

23.  Qiu M, Zhou B, Lo F, et al. A cell-level quality control workflow for high-throughput image 
analysis. BMC Bioinformatics. 2020;21(1):280. doi:10.1186/s12859-020-03603-5 

24.  Gu W, Yildirimman R, Van der Stuyft E, et al. Data and knowledge management in translational 
research: implementation of the eTRIKS platform for the IMI OncoTrack consortium. BMC 
Bioinformatics. 2019;20(1):164. doi:10.1186/s12859-019-2748-y 

25.  Prokscha S. Practical Guide to Clinical Data Management, Third Edition. CRC Press; 2011. 
https://books.google.com/books/about/Practical_Guide_to_Clinical_Data_Managem.html?hl=&i
d=XsoevcBmUgsC LB  - zd5s. 

26.  Coravos A, Khozin S, Mandl KD. Developing and adopting safe and effective digital biomarkers 
to improve patient outcomes. NPJ Digit Med. 2019;2(1). doi:10.1038/s41746-019-0090-4 

27.  Reinecke I, Zoch M, Wilhelm M, Sedlmayr M, Bathelt F. Transfer of Clinical Drug Data to a 
Research Infrastructure on OMOP - A FAIR Concept. Stud Heal Technol Inform. 2021;287:63-
67. doi:10.3233/SHTI210815 

28.  Kuchinke W, Aerts J, Semler SC, Ohmann C. CDISC standard-based electronic archiving of 
clinical trials. Methods Inf Med. 2009;48(5):408-413. doi:10.3414/ME9236 

29.  Buescher PA. The International Classification of Diseases (ICD).; 2003. 
https://books.google.com/books/about/The_International_Classification_of_Dise.html?hl=&id=R
N5yMQEACAAJ LB  - O5Mz. 

30.  Rossander A, Lindsköld L, Ranerup A, Karlsson D. A State-of-the Art Review of SNOMED CT 
Terminology Binding and Recommendations for Practice and Research. Methods Inf Med. 
2021. doi:10.1055/s-0041-1735167 

31.  Brazma A. Minimum Information About a Microarray Experiment (MIAME)--successes, failures, 



 
 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

challenges. ScientificWorldJournal. 2009;9:420-423. doi:10.1100/tsw.2009.57 
32.  Taylor CF, Field D, Sansone S-A, et al. Promoting coherent minimum reporting guidelines for 

biological and biomedical investigations: the MIBBI project. Nat Biotechnol. 2008;26(8):889-
896. doi:10.1038/nbt.1411 

33.  Taylor CF. Minimum Reporting Requirements for Proteomics: A MIAPE Primer. Proteomics. 
2006;6(S2):39-44. doi:10.1002/pmic.200600549 

34.  Fiehn O, Wohlgemuth G, Scholz M, et al. Quality control for plant metabolomics: reporting MSI-
compliant studies. Plant J. 2008;53(4):691-704. doi:10.1111/j.1365-313X.2007.03387.x 

35.  Schriml LM, Arze C, Nadendla S, et al. Disease Ontology: a backbone for disease semantic 
integration. Nucleic Acids Res. 2012;40(Database issue):D940-6. doi:10.1093/nar/gkr972 

36.  Franke KR, Crowgey EL. Accelerating next generation sequencing data analysis: an evaluation 
of optimized best practices for Genome Analysis Toolkit algorithms. Genomics Inform. 
2020;18(1):e10. doi:10.5808/GI.2020.18.1.e10 

37.  Federico A, Saarimäki LA, Serra A, et al. Microarray Data Preprocessing: From Experimental 
Design to Differential Analysis. Methods Mol Biol. 2022;2401:79-100. doi:10.1007/978-1-0716-
1839-4_7 

38.  Liberda D, Pięta E, Pogoda K, et al. The Impact of Preprocessing Methods for a Successful 
Prostate Cell Lines Discrimination Using Partial Least Squares Regression and Discriminant 
Analysis Based on Fourier Transform Infrared Imaging. Cells. 2021;10(4). 
doi:10.3390/cells10040953 

39.  Smith SM. Fast robust automated brain extraction. Hum Brain Mapp. 2002;17(3):143-155. 
doi:10.1002/hbm.10062 

40.  Cox RW. AFNI: software for analysis and visualization of functional magnetic resonance 
neuroimages. Comput Biomed Res. 1996;29(3):162-173. doi:10.1006/cbmr.1996.0014 

41.  He Y, Zhang G, Hsu C-H. Multiple Imputation of Missing Data in Practice: Basic Theory and 
Analysis Strategies. CRC Press; 2021. 
https://play.google.com/store/books/details?id=yRREEAAAQBAJ LB  - Hc9U. 

42.  Tritchler D, Parkhomenko E, Beyene J. Filtering genes for cluster and network analysis. BMC 
Bioinformatics. 2009;10:193. doi:10.1186/1471-2105-10-193 

43.  De Bin R, Risso D. A novel approach to the clustering of microarray data via nonparametric 
density estimation. BMC Bioinformatics. 2011;12:49. doi:10.1186/1471-2105-12-49 

44.  Osborne J. Improving your data transformations: Applying the Box-Cox transformation. 2010. 
doi:10.7275/QBPC-GK17 

45.  Hafemeister C, Satija R. Normalization and variance stabilization of single-cell RNA-seq data 
using regularized negative binomial regression. Genome Biol. 2019;20(1):296. 
doi:10.1186/s13059-019-1874-1 

46.  Rocke DM, Durbin B. Approximate variance-stabilizing transformations for gene-expression 
microarray data. Bioinformatics. 2003;19(8):966-972. doi:10.1093/bioinformatics/btg107 

47.  Purohit P V, Rocke DM, Viant MR, Woodruff DL. Discrimination models using variance-
stabilizing transformation of metabolomic NMR data. OMICS. 2004;8(2):118-130. 
doi:10.1089/1536231041388348 

48.  Gehlenborg N, O’Donoghue SI, Baliga NS, et al. Visualization of omics data for systems 
biology. Nat Methods. 2010;7(3 Suppl):S56-68. doi:10.1038/nmeth.1436 

49.  Bonaccorso G. Machine Learning Algorithms. Packt Publishing Ltd; 2017. 



 
 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

https://play.google.com/store/books/details?id=_-ZDDwAAQBAJ LB  - KIdB. 
50.  Huang X, Wu L, Ye Y. A review on dimensionality reduction techniques. Int J Pattern Recognit 

Artif Intell. 2019;33(10):1950017. doi:10.1142/s0218001419500174 
51.  Kraemer G, Reichstein M, Mahecha d M. DimRed and coRanking - unifying dimensionality 

reduction in R. R J. 2018;10(1):342. doi:10.32614/rj-2018-039 
52.  Irizarry RA. Introduction to Data Science: Data Analysis and Prediction Algorithms with R. CRC 

Press; 2019. https://play.google.com/store/books/details?id=62K-DwAAQBAJ LB  - wBoT. 
53.  Urpa LM, Anders S. Focused multidimensional scaling: interactive visualization for exploration 

of high-dimensional data. BMC Bioinformatics. 2019;20(1):221. doi:10.1186/s12859-019-2780-y 
54.  Hanussek M, Blohm M, Kintz M. Can AutoML outperform humans? An evaluation on popular 

OpenML datasets using AutoML Benchmark. 2020 2nd Int Conf Artif Intell Robot Control. 2020. 
doi:10.1145/3448326.3448353 

55.  García S, Fernández A, Luengo J, Herrera F. Advanced nonparametric tests for multiple 
comparisons in the design of experiments in computational intelligence and data mining: 
Experimental analysis of power. Inf Sci . 2010;180(10):2044-2064. 
doi:10.1016/j.ins.2009.12.010 

56.  van de Wiel MA, Berkhof J, van Wieringen WN. Testing the prediction error difference between 
2 predictors. Biostatistics. 2009;10(3):550-560. doi:10.1093/biostatistics/kxp011 

57.  Beaulieu-Prévost D. Confidence Intervals: From tests of statistical significance to confidence 
intervals, range hypotheses and substantial effects. Tutor Quant Methods Psychol. 
2006;2(1):11-19. doi:10.20982/tqmp.02.1.p011 

58.  Huber W. A clash of cultures in discussions of the P value. Nat Methods. 2016;13(8):607. 
doi:10.1038/nmeth.3934 

59.  Kunapuli G. Ensemble Methods for Machine Learning. Manning Publications; 2022. 
https://books.google.com/books/about/Ensemble_Methods_for_Machine_Learning.html?hl=&id
=wXGazgEACAAJ LB  - xOTW. 

60.  Goder A, Filkov V. Consensus clustering algorithms: Comparison and refinement. In: 2008 
Proceedings of the Tenth Workshop on Algorithm Engineering and Experiments (ALENEX). 
Philadelphia, PA: Society for Industrial and Applied Mathematics; 2008:109-117. 
doi:10.1137/1.9781611972887.11 

61.  Shalev-Shwartz S, Ben-David S. The Runtime of Learning. Underst Mach Learn.:73-86. 
doi:10.1017/cbo9781107298019.009 

62.  Hastie T, Tibshirani R, Friedman J. The Elements of Statistical Learning: Data Mining, 
Inference, and Prediction. Springer Science & Business Media; 2013. 
https://play.google.com/store/books/details?id=yPfZBwAAQBAJ LB  - iXxV. 

63.  Zou H, Hastie T. Regularization and variable selection via the elastic net. J R Stat Soc Ser B 
Stat Methodol. 2005;67(2):301-320. doi:10.1111/j.1467-9868.2005.00503.x 

64.  Waldmann P, Mészáros G, Gredler B, Fuerst C, Sölkner J. Evaluation of the lasso and the 
elastic net in genome-wide association studies. Front Genet. 2013;4:270. 
doi:10.3389/fgene.2013.00270 

65.  Agrawal T. Hyperparameter Optimization in Machine Learning. 2021. doi:10.1007/978-1-4842-
6579-6 

66.  Cawley GC, Talbot NLC. Preventing Over-Fitting during Model Selection via Bayesian 
Regularisation of the Hyper-Parameters. J Mach Learn Res. 2007;8(31):841-861. 



 
 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

http://jmlr.org/papers/v8/cawley07a.html. 
67.  Genuer R, Poggi J-M. Random Forests with R. Springer Nature; 2020. 

https://play.google.com/store/books/details?id=7W38DwAAQBAJ LB  - jVE4. 
68.  Aben N, Vis DJ, Michaut M, Wessels LFA. TANDEM: a two-stage approach to maximize 

interpretability of drug response models based on multiple molecular data types. Bioinformatics. 
2016;32(17):i413-i420. doi:10.1093/bioinformatics/btw449 

69.  Rauschenberger A, Ciocănea-Teodorescu I, Jonker MA, Menezes RX, van de Wiel MA. Sparse 
classification with paired covariates. Adv Data Anal Classif. 2020;14(3):571-588. 
doi:10.1007/s11634-019-00375-6 

70.  van de Wiel MA, Lien TG, Verlaat W, van Wieringen WN, Wilting SM. Better prediction by use 
of co-data: adaptive group-regularized ridge regression. Stat Med. 2016;35(3):368-381. 
doi:10.1002/sim.6732 

71.  McShane LM, Cavenagh MM, Lively TG, et al. Criteria for the use of omics-based predictors in 
clinical trials. Nature. 2013. doi:10.1038/nature12564 

72.  Moons KGM, Altman DG, Reitsma JB, et al. Transparent reporting of a multivariable prediction 
model for individual prognosis or diagnosis (TRIPOD): Explanation and elaboration. Ann Intern 
Med. 2015;162(1):W1-W73. doi:10.7326/M14-0698 

73.  ASME. Assessing Credibility of Computational Modeling and Simulation Results through 
Verification and Validation : Application to Medical Devices. Asme V&V 40-2018. 2018:40. 
https://www.asme.org/products/codes-standards/vv-40-2018-assessing-credibility-
computational. 

74.  Markus AF, Kors JA, Rijnbeek PR. The role of explainability in creating trustworthy artificial 
intelligence for health care: A comprehensive survey of the terminology, design choices, and 
evaluation strategies. J Biomed Inform. 2021. doi:10.1016/j.jbi.2020.103655 

75.  Amann J, Blasimme A, Vayena E, Frey D, Madai VI. Explainability for artificial intelligence in 
healthcare: a multidisciplinary perspective. BMC Med Inform Decis Mak. 2020;20(1). 
doi:10.1186/s12911-020-01332-6 

 
 

Appendix I 
 
Appendix I: Preparatory document for the stakeholder consultation workshops 
 
 



 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

 
 
  

      
      

PERMIT acknowledges funding support from the European Union’s 
Horizon 2020 research and innovation programme under grant 

agreement N. 874825 



 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

Table of contents 

1. The PERsonalised MedicIne Trials (PERMIT) Project ............................................................... 30 

2. Background for the meeting .................................................................................................... 30 

3. Goals for the meeting .............................................................................................................. 31 

4. Role of the meeting participants ............................................................................................. 31 

5. References ............................................................................................................................... 32 

 

  



 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

1. The PERsonalised MedicIne Trials (PERMIT) project 

PERMIT is a Coordination and Support Action project funded by Horizon 2020 (https://permit-eu.org/; 
https://cordis.europa.eu/project/id/874825). The project aims to build recommendations for more robust and 
reproducible personalised medicine (PM) research. It gathers key stakeholders of the PM research pipeline with 
the aim of integrating the expectations and requirements of all actors into the recommendations. The project 
explores the different stages of PM research, analyzing and addressing the current gaps in the following stages:  
 

1- The design, building and management of stratification and validation cohorts 
2- The application of machine learning methods for patient stratification  
3- The use of preclinical methods for translational development, with a focus on the preclinical methods 

used to assign treatments to patient clusters 
4- The evaluation of treatments in randomized clinical trials with innovative designs, and the evaluation of 

personalised vs. non-personalised approaches 
 
The PERMIT consortium is composed of the following participants: Pan-European research infrastructures 
(ECRIN, EATRIS, ELIXIR-LU/UNILU), funders (DLR), HTAs (KCE, ISCIII), patients (EPF), regulatory (ISS), data 
protection (TMF) and scientific experts, whereas partners represent stakeholders interested in the quality of 
evidence generated by personalised medicine research (industry, medicine agencies, ethics committees, 
funders, journal editors, HTAs, BBMRI). 
During its first year in 2020, the PERMIT project carried out a scoping review of scientific publications and grey 
literature (following a defined protocol) to map the existing methodologies in the different stages of the PM 
research pipeline, and identify existing gaps and opportunities for recommendations.  
Throughout the second and final year of the PERMIT project, a series of working sessions and workshops will 
take place. The working sessions will gather consortium members and external experts from diverse fields 
(academic investigators, regulators, HTA representatives, consultants, funders, publishers, Industry 
representatives, and more) to address the specific questions identified in the scoping reviews and gap analysis. 
The goal of the working sessions is to discuss the current limitations, gaps and missing standards for each of the 
key stages in personalised medicine (PM) research projects and propose specific recommendations to address 
these gaps. In the final workshops, a draft of the recommendations will be presented and discussed with field 
experts and consortium members in order to prepare a publication on the main findings and conclusions. 
 

2. Background for the meeting 

The meeting on “Machine learning workflows for patient stratification using omics data” is part of the PERMIT 
stakeholder consultations, and aims at collecting and discussing the views and recommendations of key 
stakeholders in the field of applied biomedical machine learning on how to address current limitations in ML-
based patient stratification projects and improve quality. Conclusions from the meeting will be summarized and 
discussed as part of the final PERMIT workshops to derive and publish final recommendations for best practice 
workflows in personalized medicine. 
In preparation for the meeting, and as defined in the project protocol, a mapping of the relevant biomedical 
literature has been conducted, which resulted in an inventory of current common methodologies and workflows 
for patient stratification. The literature scoping review also identified specific methodological gaps, limitations 
and lack of standardisation (https://zenodo.org/record/3770937). It discusses the design of stratification and 
validation cohorts, and the relevant machine learning workflows for discovery and validation, including the 
challenges associated with statistical power, data quality, biases and confounders, and the robustness of the 

https://permit-eu.org/
https://cordis.europa.eu/project/id/874825
https://permit-eu.org/members-consortium
https://zenodo.org/record/3770937#.YBK1zehKjIX
https://zenodo.org/record/3770937#.YBK1zehKjIX


 

 
PERMIT has received funding from the European Union’s Horizon 2020 research and innovation programme under grant agreement N. 874825 

stratification methods. A short summary of the findings from this review will be presented at the beginning of 
the meeting as a basis for the discussions.  
 

3. Goals for the meeting 

The main objectives for the planned meeting are: (1) to identify gaps, common pitfalls and limitations in the 

current methodological workflows for the design, implementation and validation of machine learning analyses 

of omics data for patient stratification (covering supervised and unsupervised model building workflows, and 

validation workflows involving cross-validation, bootstrapping or external validation schemes); (2) to collect and 

discuss best practice recommendations, mitigation strategies for the common pitfalls in ML-based patient 

stratification, and generic guidelines for the main steps in the discovery and validation of ML models; (3) to 

structure and categorize the identified gaps and recommendations systematically. 

An overview of relevant findings from a prior scoping review of the literature on ML-based patient stratification 

studies will be presented at the beginning of the meeting as a starting point for the discussions. This will also 

briefly cover the following previously proposed guidelines and recommendations for ML applications in 

biomarker development and biomedicine in general, which we list here as prior information resources for the 

meeting participants: 

 The list of “Criteria for the use of omics-based predictors in clinical trials” proposed by the US National 

Cancer Institute (NCI) to assess the readiness of an omics-based test 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 71. 

 The “TRIPOD (Transparent Reporting of a multivariable prediction model for Individual Prognosis Or 

Diagnosis) Statement” and associated checklist (www.tripod-statement.org) of 22 items, which aims to 

improve the reporting of studies developing, validating, or updating a prediction model for diagnostic or 

prognostic purposes 72. 

 The ASME V & V40 standard for “Assessing Credibility of Computational Modeling through Verification 

and Validation”, which was developed specifically for medical devices, but is generic enough to be used 

also for other applications 73. 

 Two guidelines for the design of explainable artificial intelligence systems for the health-care domain 
74,75. 

After the presentation of prior literature findings from the scoping review, the main part of the meeting will 

consist of discussions with the invited stakeholders on the common gaps and limitations in current ML discovery 

and validation workflows for patient stratification, and on recommendations to address these gaps. The meeting 

will conclude with the summary and structuring of the main conclusions from the discussions (see meeting 

agenda below). 

 

4. Role of the meeting participants 

As part of the scoping review for the PERMIT project, we have identified stakeholders in relevant domains of 

machine learning and biostatistics from academia, regulatory authorities and the industry, whom we would like 

to consult in an open discussion format during our working sessions and workshops. These stakeholders are key 

for the success of the PERMIT project, and we aim to integrate their perspectives and suggestions into our 

project by jointly discussing the following main items during the meeting: 

http://www.tripod-statement.org/
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 Where do the stakeholders see the main gaps and limitations in current machine learning workflows for 

patient stratification? 

 Do the findings from the literature scoping review presented at the beginning of the meeting match with 

the stakeholders’ experiences, and should the inclusion and structuring of covered topics on gaps, pitfalls 

and limitations in ML methodologies for patient stratification be revised or extended? 

 Which generic methodologies and measures would the stakeholders recommend to avoid common 

pitfalls in biomedical ML discovery studies, and which best practices, existing guidelines, standardization 

efforts, or generic advice should be considered to improve quality for future studies? 

As background information in preparation for the meeting, we share a list of articles on previously proposed 

generic guidelines and recommendations on ML methodologies in biomedicine and biomarker development, 

which we believe provide a suitable basis for the discussions during the meeting (see References section). 
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