
Acta Neurochirurgica Supplement 134

Victor E. Staartjes
Luca Regli
Carlo Serra   Editors

Machine Learning 
in Clinical 
Neuroscience
Foundations and Applications



Acta Neurochirurgica Supplement  134
Series Editor

Hans-Jakob Steiger  
Department of Neurosurgery
Heinrich Heine University
Düsseldorf, Nordrhein-Westfalen 
Germany



ACTA NEUROCHIRURGICA’s Supplement Volumes provide a unique opportunity to publish 
the content of special meetings in the form of a Proceedings Volume. Proceedings of 
international meetings concerning a special topic of interest to a large group of the neuroscience 
community are suitable for publication in ACTA NEUROCHIRURGICA.  Links to ACTA 
NEUROCHIRURGICA’s distribution network guarantee wide dissemination at a comparably 
low cost. The individual volumes should comprise between 120 and max. 250 printed pages, 
corresponding to 20-50 papers. It is recommended that you get in contact with us as early as 
possible during the preparatory stage of a meeting. Please supply a preliminary program for the 
planned meeting. The papers of the volumes represent original publications. They pass a peer 
review process and are listed in PubMed and other scientific databases. Publication can be 
effected within 6 months. Hans-Jakob Steiger is the Editor of ACTA NEUROCHIRURGICA’s 
Supplement Volumes. Springer Verlag International is responsible for the technical aspects and 
calculation of the costs. If you decide to publish your proceedings in the Supplements of ACTA 
NEUROCHIRURGICA, you can expect the following: • An editing process with editors both 
from the neurosurgical community and professional language editing. After your book is 
accepted, you will be assigned a developmental editor who will work with you as well as with 
the entire editing group to bring your book to the highest quality possible. • Effective text and 
illustration layout for your book. • Worldwide distribution through Springer-Verlag 
International’s distribution channels.

More information about this series at http://www.springer.com/series/4

http://www.springer.com/series/4


Victor E. Staartjes  •  Luca Regli  •  Carlo Serra
Editors

Machine Learning in Clinical 
Neuroscience
Foundations and Applications



Editors
Victor E. Staartjes
Machine Intelligence in Clinical Neuroscience 
(MICN) Laboratory, Department of Neurosurgery
Clinical Neuroscience Center, University Hospital 
Zurich, University of Zurich
Zurich 
Switzerland

Carlo Serra
Machine Intelligence in Clinical Neuroscience 
(MICN) Laboratory, Department of Neurosurgery
Clinical Neuroscience Center, University Hospital 
Zurich, University of Zurich
Zurich 
Switzerland

Luca Regli
Machine Intelligence in Clinical Neuroscience 
(MICN) Laboratory, Department of Neurosurgery
Clinical Neuroscience Center, University Hospital 
Zurich, University of Zurich
Zurich 
Switzerland

ISSN 0065-1419	         ISSN 2197-8395  (electronic)
Acta Neurochirurgica Supplement  134
ISBN 978-3-030-85291-7        ISBN 978-3-030-85292-4  (eBook)
https://doi.org/10.1007/978-3-030-85292-4

© The Editor(s) (if applicable) and The Author(s), under exclusive license to Springer Nature Switzerland AG 2022

This work is subject to copyright. All rights are solely and exclusively licensed by the Publisher, whether the whole or 
part of the material is concerned, specifically the rights of translation, reprinting, reuse of illustrations, recitation, 
broadcasting, reproduction on microfilms or in any other physical way, and transmission or information storage and 
retrieval, electronic adaptation, computer software, or by similar or dissimilar methodology now known or hereafter 
developed.
The use of general descriptive names, registered names, trademarks, service marks, etc. in this publication does not 
imply, even in the absence of a specific statement, that such names are exempt from the relevant protective laws and 
regulations and therefore free for general use.
The publisher, the authors and the editors are safe to assume that the advice and information in this book are believed 
to be true and accurate at the date of publication. Neither the publisher nor the authors or the editors give a warranty, 
expressed or implied, with respect to the material contained herein or for any errors or omissions that may have been 
made. The publisher remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

This Springer imprint is published by the registered company Springer Nature Switzerland AG
The registered company address is: Gewerbestrasse 11, 6330 Cham, Switzerland

https://doi.org/10.1007/978-3-030-85292-4


v

	 1	�� Machine Intelligence in Clinical Neuroscience: Taming the Unchained  
Prometheus ������������������������������������������������������������������������������������������������������������������     1
Victor E. Staartjes, Luca Regli, and Carlo Serra

Part I � Clinical Prediction Modeling

	 2	�� Foundations of Machine Learning-Based Clinical Prediction Modeling: 
Part I—Introduction and General Principles ����������������������������������������������������������     7
Julius M. Kernbach and Victor E. Staartjes

	 3	�� Foundations of Machine Learning-Based Clinical Prediction Modeling: 
Part II—Generalization and Overfitting ������������������������������������������������������������������   15
Julius M. Kernbach and Victor E. Staartjes

	 4	�� Foundations of Machine Learning-Based Clinical Prediction Modeling: 
Part III—Model Evaluation and Other Points of Significance��������������������������������   23
Victor E. Staartjes and Julius M. Kernbach

	 5	�� Foundations of Machine Learning-Based Clinical Prediction Modeling: 
Part IV—A Practical Approach to Binary Classification Problems ����������������������   33
Victor E. Staartjes and Julius M. Kernbach

	 6	�� Foundations of Machine Learning-Based Clinical Prediction Modeling: 
Part V—A Practical Approach to Regression Problems������������������������������������������   43
Victor E. Staartjes and Julius M. Kernbach

	 7	�� Foundations of Feature Selection in Clinical Prediction Modeling ������������������������   51
Victor E. Staartjes, Julius M. Kernbach, Vittorio Stumpo, 
Christiaan H. B. van Niftrik, Carlo Serra, and Luca Regli

	 8	�� Dimensionality Reduction: Foundations and Applications in Clinical  
Neuroscience ����������������������������������������������������������������������������������������������������������������   59
Julius M. Kernbach, Jonas Ort, Karlijn Hakvoort, Hans Clusmann, Daniel 
Delev, and Georg Neuloh

	 9	�� A Discussion of Machine Learning Approaches for Clinical  
Prediction Modeling����������������������������������������������������������������������������������������������������   65
Michael C. Jin, Adrian J. Rodrigues, Michael Jensen, and Anand Veeravagu

	10	�� Foundations of Bayesian Learning in Clinical Neuroscience����������������������������������   75
Gustav Burström, Erik Edström, and Adrian Elmi-Terander

	11	�� Introduction to Deep Learning in Clinical Neuroscience ����������������������������������������   79
Eddie de Dios, Muhaddisa Barat Ali, Irene Yu-Hua Gu, Tomás Gomez Vecchio, 
Chenjie Ge, and Asgeir S. Jakola

Contents



vi

	12	�� Machine Learning-Based Clustering Analysis: Foundational Concepts, 
Methods, and Applications������������������������������������������������������������������������������������������   91
Miquel Serra-Burriel and Christopher Ames

	13	�� Deployment of Clinical Prediction Models: A Practical Guide 
to Nomograms and Online Calculators���������������������������������������������������������������������� 101
Adrian E. Jimenez, James Feghali, Andrew T. Schilling, and Tej D. Azad

	14	�� Updating Clinical Prediction Models: An Illustrative Case Study�������������������������� 109
Hendrik-Jan Mijderwijk, Stefan van Beek, and Daan Nieboer

	15	�� Is My Clinical Prediction Model Clinically Useful? A Primer on 
Decision Curve Analysis���������������������������������������������������������������������������������������������� 115
Hendrik-Jan Mijderwijk and Daan Nieboer

Part II � Neuroimaging

	16	�� Introduction to Machine Learning in Neuroimaging ���������������������������������������������� 121
Julius M. Kernbach, Jonas Ort, Karlijn Hakvoort, Hans Clusmann, Georg 
Neuloh, and Daniel Delev

	17	�� Machine Learning Algorithms in Neuroimaging: An Overview����������������������������� 125
Vittorio Stumpo, Julius M. Kernbach, Christiaan H. B. van Niftrik, Martina 
Sebök, Jorn Fierstra, Luca Regli, Carlo Serra, and Victor E. Staartjes

	18	�� Machine Learning-Based Radiomics in Neuro-Oncology���������������������������������������� 139
Felix Ehret, David Kaul, Hans Clusmann, Daniel Delev, 
and Julius M. Kernbach

	19	�� Foundations of Brain Image Segmentation: Pearls and Pitfalls in Segmenting 
Intracranial Blood on Computed Tomography Images������������������������������������������� 153
Antonios Thanellas, Heikki Peura, Jenni Wennervirta, and Miikka Korja

	20	�� Applying Convolutional Neural Networks to Neuroimaging Classification 
Tasks: A Practical Guide in Python���������������������������������������������������������������������������� 161
Moumin A. K. Mohamed, Alexander Alamri, Brandon Smith, 
and Christopher Uff

	21	�� Foundations of Lesion Detection Using Machine Learning in Clinical 
Neuroimaging �������������������������������������������������������������������������������������������������������������� 171
Manoj Mannil, Nicolin Hainc, Risto Grkovski, and Sebastian Winklhofer

	22	�� Foundations of Multiparametric Brain Tumour Imaging 
Characterisation Using Machine Learning �������������������������������������������������������������� 183
Anne Jian, Kevin Jang, Carlo Russo, Sidong Liu, and Antonio Di Ieva

	23	�� Tackling the Complexity of Lesion-Symptoms Mapping: 
How to Bridge the Gap Between Data Scientists and Clinicians?�������������������������� 195
Emmanuel Mandonnet and Bertrand Thirion

Part III � Natural Language Processing and Time Series Analysis

	24	�� Natural Language Processing: Practical Applications in Medicine 
and Investigation of Contextual Autocomplete �������������������������������������������������������� 207
Leah Voytovich and Clayton Greenberg

	25	�� Foundations of Time Series Analysis�������������������������������������������������������������������������� 215
Jonas Ort, Karlijn Hakvoort, Georg Neuloh, Hans Clusmann, Daniel Delev, 
and Julius M. Kernbach

Contents



vii

	26	�� Overview of Algorithms for Natural Language Processing and Time 
Series Analyses ������������������������������������������������������������������������������������������������������������ 221
James Feghali, Adrian E. Jimenez, Andrew T. Schilling, and Tej D. Azad

Part IV � Ethical and Historical Aspects of Machine Learning in Medicine

	27	�� A Brief History of Machine Learning in Neurosurgery ������������������������������������������ 245
Andrew T. Schilling, Pavan P. Shah, James Feghali, Adrian E. Jimenez, 
and Tej D. Azad

	28	�� Machine Learning and Ethics������������������������������������������������������������������������������������ 251
Tiit Mathiesen and Marike Broekman

	29	�� The Artificial Intelligence Doctor: Considerations for the Clinical 
Implementation of Ethical AI ������������������������������������������������������������������������������������ 257
Julius M. Kernbach, Karlijn Hakvoort, Jonas Ort, Hans Clusmann, 
Georg Neuloh, and Daniel Delev

	30	�� Predictive Analytics in Clinical Practice: Advantages and Disadvantages������������ 263
Hendrik-Jan Mijderwijk and Hans-Jakob Steiger

Part V � Clinical Applications of Machine Learning in Clinical Neuroscience

	31	�� Big Data in the Clinical Neurosciences���������������������������������������������������������������������� 271
G. Damian Brusko, Gregory Basil, and Michael Y. Wang

	32	�� Natural Language Processing Applications in the Clinical Neurosciences: 
A Machine Learning Augmented Systematic Review ���������������������������������������������� 277
Quinlan D. Buchlak, Nazanin Esmaili, Christine Bennett, and Farrokh Farrokhi

	33	�� Machine Learning in Pituitary Surgery�������������������������������������������������������������������� 291
Vittorio Stumpo, Victor E. Staartjes, Luca Regli, and Carlo Serra

	34	�� At the Pulse of Time: Machine Vision in Retinal Videos������������������������������������������ 303
Timothy Hamann, Maximilian Wiest, Anton Mislevics, Andrey Bondarenko, 
and Sandrine Zweifel

	35	�� Artificial Intelligence in Adult Spinal Deformity������������������������������������������������������ 313
Pramod N. Kamalapathy, Aditya V. Karhade, Daniel Tobert, 
and Joseph H. Schwab

	36	�� Machine Learning and Intracranial Aneurysms: From Detection  
to Outcome Prediction ������������������������������������������������������������������������������������������������ 319
Vittorio Stumpo, Victor E. Staartjes, Giuseppe Esposito, Carlo Serra, 
Luca Regli, Alessandro Olivi, and Carmelo Lucio Sturiale

	37	�� Clinical Prediction Modeling in Intramedullary Spinal Tumor Surgery �������������� 333
Elie Massaad, Yoon Ha, Ganesh M. Shankar, and John H. Shin

	38	�� Radiomic Features Associated with Extent of Resection in Glioma Surgery �������� 341
Giovanni Muscas, Simone Orlandini, Eleonora Becattini, Francesca Battista, 
Victor E. Staartjes, Carlo Serra, and Alessandro Della Puppa

	39	�� Machine Learning in Neuro-Oncology, Epilepsy, Alzheimer’s Disease, 
and Schizophrenia�������������������������������������������������������������������������������������������������������� 349
Mason English, Chitra Kumar, Bonnie Legg Ditterline, Doniel Drazin, 
and Nicholas Dietz

Contents



1© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022
V. E. Staartjes et al. (eds.), Machine Learning in Clinical Neuroscience, Acta Neurochirurgica Supplement 134, 
https://doi.org/10.1007/978-3-030-85292-4_1

Machine Intelligence in Clinical 
Neuroscience: Taming the Unchained 
Prometheus

Victor E. Staartjes, Luca Regli, and Carlo Serra

1.1	 �Preface

The question is not whether intelligent machines can have any 
emotions, but whether machines can be intelligent without any 
emotions — Marvin Minsky [1]

Advances in both statistical modeling techniques as well 
as in computing power over the last few decades have 
enabled the rapid rise of the field of data science, including 
artificial intelligence (AI) and machine learning (ML) [2]. 
While AI can be defined as a goal—the goal to emulate 
human, “wide” intelligence with the ability to solve a range 
of different complex tasks with one brain or algorithm—ML 
deals with learning problems by inductively and iteratively 
learning from experience (in the form of data) without being 
explicitly programmed, as a form of “narrow” AI (focused 
on just one specific task). Along with the broader applica-
tion of epidemiological principles and larger sample sizes 
(“big data”), this has led to broad adoption of statistical pre-
diction modeling in clinical practice and research. Clinical 
prediction models integrate a range of input variables to pre-
dict a specific outcome in the future and can aid in evidence-
based decision-making and improved patient counseling 
[3–6].

Even in the field of clinical neuroscience—including neu-
rosurgery, neurology, and neuroradiology—ML has been 
increasingly applied over the years, as evidenced by the 
sharp rise in publications on machine learning in clinical 
neuroscience indexed in PubMed/MEDLINE since the 2000s 
(Fig. 1.1). While the history of ML applications to the field 
of neurosurgery is rather compressed into the past two 
decades, some early efforts have been made as early as the 
late 1980s. Disregarding other uses of AI and ML—such as 

advanced histopathological or radiological diagnostics—and 
focusing on predictive analytics, in 1989 Mathew et al. [7] 
published a report in which they applied a fuzzy logic classi-
fier to 150 patients, and were able to predict whether disc 
prolapse or bony nerve entrapment were present based on 
clinical findings. In 1998, Grigsby et al. [8] were able to pre-
dict seizure freedom after anterior temporal lobectomy using 
neural networks based on EEG and MRI features, using data 
from 87 patients. Similarly, in 1999, Arle et al. [9] applied 
neural networks to 80 patients to predict seizures after epi-
lepsy surgery. Soon, and especially since 2010, a multitude 
of publications followed, applying ML to clinical outcome 
prediction in all subspecialties of the neurosurgical field 
[10–11]. The desire to model reality to better understand it 
and in this way predict its future behavior has always been a 
goal of scientific thought, and “machine learning,” if not just 
for the evocative power of the term, may appear under this 
aspect at first sight as a resolutive tool. However, if on one 
hand there cannot be any doubt that predicting the future will 
always remain a chimera, on the other hand it is true that 
machine learning tools can improve our possibilities to ana-
lyze and thus understand reality. But while clinical predic-
tion modeling has certainly been by far the most common 
application of ML in clinical neuroscience, other applica-
tions such as, e.g. in image recognition [12, 13], natural lan-
guage processing [14], radiomic feature extraction [15, 16], 
EEG classification [17], and continuous data monitoring [18] 
should not be disregarded and probably constitute the most 
interesting fields of application.

Today, ML and other statistical learning techniques have 
become so easily accessible to anyone with a computer and 
internet access, that it has become of paramount importance 
to ensure correct methodology. Moreover, there has been a 
major “hype” around the terms ML and AI in recent years. 
Because of their present-day low threshold accessibility, 
these techniques can easily be misused and misinterpreted, 
without intent to do so. For example, it is still common to see 
highly complex and “data-hungry” algorithms such as deep 
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neural networks applied to very small datasets, to see overtly 
overfitted or imbalanced models, or models trained for pre-
diction that are then used to “identify risk factors” (predic-
tion vs. explanation/inference). Especially in clinical practice 
and in the medico-legal arena, it is vital that clinical predic-
tion models intended to be implemented into clinical practice 
are developed with methodological rigor, and that they are 
well-validated and generalizable.

Some efforts such as, e.g. the EQUATOR Network’s 
“Transparent reporting of a multivariable prediction model 
for individual prognosis or diagnosis” (TRIPOD) statement 
[19] have led to improved methodological quality and stan-
dardized reporting throughout the last 5 years [20]. Still, it is 
a fact that ML is often poorly understood, and that the meth-
odology has to be well-appreciated to prevent publishing 
flawed models—standardized reporting is valuable, but not 
enough. Open-source ML libraries like Keras [21] and Caret 
[22] have truly democratized ML.  While this fact—com-
bined with the steadily increasing availability of large 
amounts of structured and unstructured data in the “big data” 
era—has certainly provided leverage to the whole field of 
ML, putting so much analytical power into anyone’s hands 
without clear methodological foundations can be risky.

The immense technological progress during the past cen-
tury has certainly sparked reflection on the responsibilities of 
humanity regarding limitations, safe use, fair distribution, 
and consequences of these advances.

Progress can be risky. As a matter of fact, ML tools are 
increasingly being used to aid in decision-making in several 
domains of human society. The lack of profound understand-
ing of the capabilities and, most importantly, of the limita-
tions of ML may lead to the erroneous assumption that ML 
may overtake, and not just aid, the decision-making capacity 
of the human mind. Needless to say, this attitude can have 
serious practical and most importantly ethical consequences. 
Today’s greater power of humanity in controlling nature 
means that we must also realize their limitations and poten-
tial dangers, and to consequently limit our applications of 
those technologies to avoid potential disaster—this has 
become the most popular topic of modern philosophy on 
artificial intelligence [23].

Today, every scientific study is subject to ethical review 
and approval, but potential long-term sequelae of ML studies 
are seldomly considered. ML in medicine has great poten-
tial, but both doctors applying these technologies in clinical 
practice as well as those researchers developing tools based 
on these technologies must be acutely aware of their limita-
tions and their ramifications. Further unsolved ethical issues 
regarding the use of ML and AI in clinical medicine pertain 
to protecting data integrity, ensuring justice in the distribu-
tion of ML-based resources, and maintaining accountabil-
ity—Could algorithms learn to assign values and become 
independent moral agents? While some progress has been 
made in protecting data integrity, such as the use of federated 

Fig. 1.1  Development of publication counts on machine learning in neurosurgery over the years. Counts were arrived at by searching “(neurosur-
gery OR neurology OR neuroradiology) AND (machine learning OR artificial intelligence)” on PubMed/MEDLINE
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learning, developments in other ethical issues remain less 
predictable [24].

Therefore, ML and AI must remain tools adjunctive to 
our own mind, tools that we should be able to master, con-
trol, and apply to our advantage—and that should not take 
over our minds. For example, it is inconceivable and even 
potentially dangerous to fully rely on predictions made by a 
ML algorithm in clinical practice, currently. The future can-
not be easily predicted by machines, or by anyone for that 
matter—And even if near-perfect predictions were theoreti-
cally possible, our intuition would tell us that the mere 
knowledge of what is very likely going to happen in the 
future may lead us to change events, not dissimilar to 
Heisenberg’s uncertainty principle. While our mind can 
recognize, abstract, and deal with the many uncertainties in 
clinical practice, algorithms cannot. Among many others, 
concepts such as Turing’s Test [25] underline the impor-
tance of appreciating the limits of ML and AI: They are no 
alchemy, no magic. They do not make the impossible pos-
sible. They merely serve to assist and improve our perfor-
mance on certain very specific tasks.

For these reasons, we embarked on a journey to compile a 
textbook for clinicians that demystifies the terms “machine 
learning” and “artificial intelligence” by illustrating their 
methodological foundations, as well as some specific appli-
cations throughout the different fields of clinical neurosci-
ence, and its limitations. Of note, this book has been inspired 
and conceived by the group of machine learning specialists 
that also contributed to the 1st Zurich Machine Intelligence 
in Clinical Neuroscience Symposium that took place on 
January 21st 2021 with presentations on their respective 
book chapters which we encourage readers to consider 
watching (the recorded contributions are available on: www.
micnlab.com/symposium2021).

The book is structured in five major parts:

	1.	 The first part deals with the methodological foundations of 
clinical prediction modeling as the most common clinical 
application of ML [4]. The basic workflow for developing 
and validating a clinical prediction model is discussed in 
detail in a five-part series, which is followed by spotlights 
on certain topics of relevance ranging from feature selec-
tion, dimensionality reduction techniques as well as 
Bayesian, deep learning, and clustering techniques, to how 
to deploy, update, and interpret clinical prediction models.

	2.	 Part II consists of a brief tour de force through the domain 
of ML in neuroimaging and its foundational methods. 
First, the different applications and algorithms are laid 
out in detail, which is then followed by specific work-
flows including radiomic feature extraction, segmenta-
tion, and brain imaging classification.

	3.	 The next part provides a glimpse into the world of natural 
language processing (NLP) and time series analysis 
(TSA), going through the algorithms used for such analy-
ses, as well as workflows for both domains.

	4.	 The fourth part of this book handles the various ethical 
implications of applying ML in clinical practice—From 
general ethical considerations on AI, to ways in which 
ML can assist doctors in daily practice and the limitations 
of predictive analytics. In addition, a brief history of ML 
in neurosurgery is provided, too.

	5.	 The fifth and final part is targeted to demonstrating an 
overview over the various clinical applications that have 
already been implemented in clinical neuroscience, cov-
ering neuroimaging, neurosurgery, neurology, and 
ophthalmology.

Our hope is that this book may inspire and instruct a gen-
eration of physician-scientists to continue to grow and 
develop the seeds that have been planted for machine intel-
ligence in clinical neuroscience, and to discover the limits of 
the clinical applications therein.
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Learning-Based Clinical Prediction 
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and General Principles
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2.1	 �Introduction

Although there are many applications of machine learning 
(ML) in clinical neuroscience, including but not limited to 
applications in neuroimaging and natural language process-
ing, classical predictive analytics still form the majority of 
the body of evidence that has been published on the topic.

When reviewing or working on research involving 
ML-based predictive analytics—which is becoming 
increasingly common—it is important to do so with a 
strong methodological basis. Especially considering the 
“democratization” of ML methods through libraries and the 
increasing computing power, as well as the exponentially 
increasing influx of ML publications in the clinical neuro-
sciences, methodological rigor has become a major issue. 
This chapter and in fact the entire five-part series (cite 
Chaps. 3–6) is intended to convey that basic conceptual and 
programming knowledge to tackle ML tasks with some 
basic prerequisite R knowledge, with a particular focus on 
predictive analytics.

At this point, it is important to stress that the concepts and 
methods presented herein are intended as an entry-level 
guide to ML for clinical outcome prediction, presenting one 
of many valid approaches to clinical prediction modeling, 

and thus does not encompass all the details and intricacies of 
the field. Further reading is recommended, including but not 
limited to Max Kuhn’s “Applied Predictive Modeling” [1] 
and Ewout W. Steyerberg’s “Clinical Prediction Models” [2].

This first part focuses on defining the terms ML and AI in 
the context of predictive analytics, and clearly describing 
their applications in clinical medicine. In addition, some of 
the basic concepts of machine intelligence are discussed and 
explained. Part II goes into detail about common problems 
when developing clinical prediction models: What overfit-
ting is and how to avoid it to arrive at generalizable models, 
how to select which input features are to be included in the 
final model (feature selection) or how to simplify highly 
dimensional data (feature reduction). We also discuss how 
data splits and resampling methods like cross-validation and 
the bootstrap can be applied to validate models before clini-
cal use. Part III touches on several topics including how to 
prepare your data correctly (standardization, one-hot encod-
ing) and evaluate models in terms of discrimination and cali-
bration, and points out some recalibration methods. Some 
other points of significance and caveats that the reader may 
encounter while developing a clinical prediction model are 
discussed: sample size, class imbalance, missing data and 
how to impute it, extrapolation, as well as how to choose a 
cutoff for binary classification. Parts IV and V present a 
practical approach to classification and regression problems, 
respectively. They contain detailed instructions along with a 
downloadable code for the R statistical programming lan-
guage, as well as a simulated database of Glioblastoma 
patients that allows the reader to code in parallel to the expla-
nations. This section is intended as a scaffold upon which 
readers can build their own clinical prediction models, and 
that can easily be modified. Furthermore, we will not in 
detail explain the workings of specific ML algorithms such 
as generalized linear models, support vector machines, neu-
ral networks, or stochastic gradient boosting. While it is cer-
tainly important to have a basic understanding of the specific 
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algorithms one applies, these details can be looked up online 
[3] and detailed explanations of these algorithms would go 
beyond the scope of this guide. The goal is instead to convey 
the basic concepts of ML-based predictive modeling, and 
how to practically implement these.

2.2	 �Machine Learning: Definitions

As a field of study, ML in medicine is positioned between 
statistical learning and advanced computer science, and typi-
cally evolves around learning problems, which can be con-
ceptually defined as optimizing a performance measure on a 
given task by learning through training experience on prior 
data. A ML algorithm inductively learns to automatically 
extract patterns from data to generate insights [4, 5] without 
being explicitly programmed. This makes ML an attractive 
option to predict even complex phenomena without pre-
specifying an a priori theoretical model. ML can be used to 
leverage the full granularity of the data richness enclosed in 
the Big Data trend. Both the complexity and dimensionality 
of modern medical data sets are constantly increasing and 
nowadays comprise many variables per observation, much 
so that we speak of “wide data” with generally more vari-
ables (in ML lingo called features) than observations (sam-
ples) [6, 7]. This has given rise to the so-called omics sciences 
including radiomics and genomics [8–10]. The sheer com-
plexity and volume of data ranging from hundreds to thou-
sands of variables at times exceeds human comprehension, 
but combined with increased computational power enables 
the full potential of ML [3, 11].

With the exponential demand of AI and ML in modern 
medicine, a lot of confusion was introduced regarding the 
separation of these two terms. AI and ML are frequently used 
interchangeably. We define ML as subset of AI—to quote 
Tom Mitchell—ML “is the study of computer algorithms 
that allow computer programs to automatically improve 
through experience” [12], involving the concept of “learn-
ing” discussed earlier. In contrast, AI is philosophically 
much vaster, and can be defined as an ambition to enable 
computer programs to behave in a human-like nature. That 
is, showing a certain human-like intelligence. In ML, we 
learn and optimize an algorithm from data for maximum per-
formance on a certain learning task. In AI, we try to emulate 
natural intelligence, to not only learn but also apply the 
gained knowledge to make elaborate decisions and solve 
complex problems. In a way, ML can thus be considered a 
technique towards realizing (narrow) AI.  Ethical consider-
ations on the “AI doctor” are far-reaching [13, 14], while the 
concept of a clinician aided by ML-based tools is well 
accepted.

The most widely used ML methods are either supervised 
or unsupervised learning methods, with the exceptions of 

semi-supervised methods and reinforcement learning [6, 15]. 
In supervised learning, a set of input variables are used as 
training set, e.g. different meaningful variables such as age, 
gender, tumor grading, or functional neurological status to 
predict a known target variable (“label”), e.g. overall sur-
vival. The ML method can then learn the pattern linking 
input features to target variable, and based on that enable the 
prediction of new data points—hence, generalize patterns 
beyond the present data. We can train a ML model for sur-
vival prediction based on a retrospective cohort of brain 
tumor patients, since we know the individual length of sur-
vival for each patient of the cohort. Therefore, the target vari-
able is labeled, and the machine learning-paradigm 
supervised. Again, the actually chosen methods can vary: 
Common models include support vector machines (SVMs), 
as example of a parametric approach, or the k-nearest neigh-
bor (KNN) algorithm as a non-parametric method [16]. On 
the other hand, in unsupervised learning, we generally deal 
with unlabeled data with the assumption of the structural 
coherence. This can be leveraged in clustering, which is a 
subset of unsupervised learning encompassing many differ-
ent methods, e.g. hierarchical clustering or k-means cluster-
ing [4, 17]. The observed data is partitioned into clusters 
based on a measure of similarity regarding the structural 
architecture of the data. Similarly, dimensionality reduction 
methods—including principal component analysis (PCA) or 
autoencoders—can be applied to derive a low-dimensional 
representation explicitly from the present data [4, 18].

A multitude of diverse ML algorithms exist, and some-
times choosing the “right” algorithm for a given application 
can be quite confusing. Moreover, based on the so-called no 
free lunch theorem [19] no single statistical algorithm or 
model can generally be considered superior for all circum-
stances. Nevertheless, ML algorithms can vary greatly based 
on the (a) representation of the candidate algorithm, (b) the 
selected performance metric, and (c) the applied optimiza-
tion strategy [4, 5, 20]. Representation refers to the learner’s 
hypothesis space of how they formally deal with the problem 
at hand. This includes but is not limited to instance-based 
learners, such as KNN, which instead of performing explicit 
generalization compares new observations with similar 
instances observed during training [21]. Other representation 
spaces include hyperplane-based models, such as logistic 
regression or naïve Bayes, as well as rule-based learners, 
decision trees or complex neural networks, all of which are 
frequently leveraged in various ML problems across the neu-
rosurgical literature [22, 23]. The evaluated performance 
metrics can vary greatly, too. Performance evaluation and 
reporting play a pivotal role in predictive analytics (c.f. cite 
Chap. 4). Lastly, the applied ML algorithm is optimized by a 
so-called objective function such as greedy search or uncon-
strained continuous optimization options, including different 
choices of gradient descent [24, 25]. Gradient descent repre-
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sents the most common optimization strategy for neural net-
works and can take different forms, e.g. batch- (“vanilla”), 
stochastic- or mini-batch gradient descent [25]. We delve 
deeper into optimization to illustrate how it is used in 
learning.

2.3	 �Optimization: The Central Dogma 
of Learning Techniques

At the heart of nearly all ML and statistical modeling tech-
niques used in data science lies the concept of optimization. 
Even though optimization is the backbone of algorithms 
ranging from linear and logistic regression to neural net-
works, it is not often stressed in the non-academic data sci-
ence space. Optimization describes the process of iteratively 
adjusting parameters to improve performance. Every optimi-
zation problem can be decomposed into three basic elements: 
First, every algorithm has parameters (sometimes called 
weights) that govern how the values of the input variables 
lead to a prediction. In linear and logistic regression, for 
example, these parameters include the coefficients that are 
multiplied with the input variable values, as well as the inter-
cept. Second, there may be realistic constraints within which 
the parameters, or their combinations, must fall. While sim-
ple models such as linear and logistic regression often do not 
have such constraints, other ML algorithms such as support 
vector machines or k-means clustering do. Lastly and impor-
tantly, the optimization process is steered by evaluating a so-
called objective function that assesses how well the current 
iteration of the algorithm is performing. Commonly, these 
objective functions are error (also called loss) functions, 
describing the deviation of the predicted values from the true 
values that are to be predicted. Thus, these error functions 
must be minimized. Sometimes, you may choose to use indi-
cators of performance, such as accuracy, which conversely 
need to be maximized throughout the optimization process.

The optimization process starts by randomly initializing 
all model parameters—that is, assigning some initial value 
for each parameter. Then, predictions are made on the train-
ing data, and the error is calculated. Subsequently, the 
parameters are adjusted in a certain direction, and the error 
function is evaluated again. If the error increases, it is likely 
that the direction of adjustment of the parameters was awry 
and thus led to a higher error on the training data. In that 
case, the parameter values are adjusted in different direc-
tions, and the error function is evaluated again. Should the 
error decrease, the parameter values will be further modified 
in these specific directions, until a minimum of the error 
function is reached. The goal of the optimization process is 
to reach the global minimum of the error function, that is, the 
lowest error that can be achieved through the combination of 
parameter values within their constraints. However, the opti-

mization algorithm must avoid getting stuck at local minima 
of the error function (see Fig. 2.1).

The way in which the parameters are adjusted after each 
iteration is governed by an optimization algorithm, and 
approaches can differ greatly. For example, linear regression 
usually uses the ordinary least square (OLS) optimization 
method. In OLS, the parameters are estimated by solving an 
equation for the minimum of the sum of the square errors. 
On the other hand, stochastic gradient descent—which is a 
common optimization method for many ML algorithms—
iteratively adjusts parameters as described above and as 
illustrated in Fig.  2.1. In stochastic gradient descent, the 
amount by which the parameters are changed after each iter-
ation (also called epoch) is controlled by the calculated 
derivative (i.e. the slope or gradient) for each parameter with 
respect to the error function, and the learning rate. In many 
models, the learning rate is an important hyperparameter to 
set, as it controls how much parameters change in each 
iteration.

On the one hand, small learning rates can take many itera-
tions to converge and make getting stuck at a local minimum 
more likely—on the other hand, a large learning rate can 
overshoot the global minimum. As a detailed discussion of 
the mathematical nature behind different algorithms remains 
beyond the scope of this introductory series, we refer to pop-
ular standard literature such as “Elements of Statistical 
Learning” by Hastie and Tibshirani [4], “Deep Learning” by 
Goodfellow et  al. [26], and “Optimization for Machine 
Learning” by Sra et al. [27].

Fig. 2.1  Illustration of an optimization problem. In the x and z dimen-
sion, two parameters can take different values. In the y dimension, the 
error is displayed for different values of these two parameters. The goal 
of the optimization algorithm is to reach the global minimum (A) of the 
error through adjusting the parameter values, without getting stuck at a 
local minimum (B). In this example, three models are initialized with 
different parameter values. Two of the models converge at the global 
minimum (A), while one model gets stuck at a local minimum (B). 
Illustration by Jacopo Bertolotti. (This illustration has been made avail-
able under the Creative Commons CC0 1.0 Universal Public Domain 
Dedication)
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2.4	 �Explanatory Modeling Versus 
Predictive Modeling

The “booming” of applied ML has generated a methodologi-
cal shift from classical statistics (experimental setting, 
hypothesis testing, group comparison, inference) to data-
driven statistical learning (empirical setting, algorithmic 
modeling comprising ML, AI, pattern recognition) [28]. 
Unfortunately, the two statistical cultures have developed 
separately over the past decades [29] leading to incongruent 
evolved terminology and misunderstandings in the absence 
of an agreed-upon technical theorem (Table  2.1). This 
already becomes evident in the basic terminology describing 
model inputs and outputs: predictors or independent vari-
ables refer to model inputs in classical statistics, while fea-
tures are the commonly used term in ML; outputs, known as 
dependent variable or response, are often labeled target vari-
able or label in ML instead [30]. The duality of language has 
led to misconceptions regarding the fundamental difference 
between inference and prediction, as the term prediction has 
frequently been used incompatibly as in-sample correlation 
instead of out-of-sample generalization [31, 32]. The varia-
tion of one variable with a subsequent correlated variable 
later in time, such as the outcome, in the same group (in-

sample correlation) does not imply prediction, and failure to 
account for this distinction can lead to false clinical decision-
making [33, 34]. Strong associations between variables and 
outcome in a clinical study remain averaged estimates of the 
evaluated patient cohort, which does not necessarily enable 
predictions in unseen new patients. To shield clinicians from 
making wrong interpretations, we clarify the difference 
between explanatory modeling and predictive modeling, and 
highlight the potential of ML for strong predictive models.

Knowledge generation in clinical research has nearly 
exclusively been dominated by classical statistics with the 
focus on explanatory modeling (EM) [32]. In carefully 
designed experiments or clinical studies, a constructed theo-
retical model, e.g. a regression model, is applied to data in 
order to test for causal hypotheses. Based on theory, a model 
is chosen a priori, combining a fixed number of experimental 
variables, which are under the control of the investigator. 
Explicit model assumptions such as the Gaussian distribu-
tion assumption are made, and the model, which is believed 
to represent the true data generating process, is evaluated for 
the entire present data sample based on hypothesis and sig-
nificance testing (“inference”). In such association-based 
modeling, a set of independent variables (X) are assumed to 
behave according to a certain mechanism (“theory”) and ulti-
mately cause an effect measured by the dependent variable 
(Y). Indeed, the role of theory in explanatory modeling is 
strong and is always reflected in the applied model, with the 
aim to obtain the most accurate representation of the under-
lying theory (technically speaking, classical statistics seeks 
to minimize bias). Whether theory holds true and the effect 
actually exists is then confirmed in the data, hence the overall 
analytical goal is inference.

Machine learning-based predictive modeling (PM) is 
defined as the process of applying a statistical model or data 
mining algorithm to data for the purpose of predicting future 
observations. In a heuristic approach, ML or PM is applied to 
empirical data as opposed to experimentally controlled data.

As the name implies, the primary focus lays on optimiz-
ing the prediction of a target variable (Y) for new observa-
tions given their set of features (X). As opposed to explanatory 
modeling, PM is forward looking [32] with the intention of 
predicting new observations, and hence generalization 
beyond the present data is the fundamental goal of the analy-
sis. In contrast to EM, PM seeks to minimize both variance 
and bias [35, 36], occasionally sacrificing the theoretical 
interpretability for enhanced predictive power. Any underly-
ing method can constitute a predictive model ranging from 
parametric and rigid models to highly flexible non-parametric 
and complex models. With a minimum of a priori specifica-
tions, a model is then heuristically derived from the data [37, 
38]. The true data generating process lays in the data, and is 
inductively learned and approximated by ML models.

Table 2.1  A comparison of central concepts in classical/inferential 
statistics versus in statistical/machine learning

Classical/inferential statistics Statistical/machine learning
Explanatory modeling Predictive modeling
An a priori chosen theoretical 
model is applied to data in 
order to test for causal 
hypotheses.

The process of applying a 
statistical model or data mining 
algorithm to data for the purpose 
of predicting new or future 
observations.

Focus on in-sample estimates Focus on out-of-sample 
estimates

Goal: to confirm the existence 
of an effect in the entire data 
sample. Often using 
significance testing.

Goal: Use the best performing 
model to make new prediction 
for single new observations. 
Often using resampling 
techniques.

Focus on model 
interpretability

Focus on model performance

The model is chosen a priori, 
while models with intrinsic 
means of interpretability are 
preferred, e.g. a GLM, often 
parametric with a few fixed 
parameters.

Different models are applied and 
the best performing one is 
selected. Models tend to be more 
flexible and expressive, often 
non-parametric with many 
parameters adapting to the 
present data.

Experimental data Empirical data
Long data (n samples > p 
variables)

Wide data (n samples ≪ p 
variables)

Independent variables Features
Dependent variable Target variable
Learn deductively by model 
testing

Learn a model from data 
inductively

J. M. Kernbach and V. E. Staartjes
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2.5	 �Workflow for Predictive Modeling

In clinical predictive analytics, generalization is our ulti-
mate goal. To answer different research objectives, we 
develop, test, and evaluate different models for the purpose 
of clinical application (for an overview see https://topepo.
github.io/caret/available-models.html). Many research 
objectives in PM can be framed either as the prediction of a 
continuous endpoint (regression) such as progression-free 
survival measured in months or alternatively as the predic-
tion of a binary endpoint (classification), e.g. survival after 
12 months as a dichotomized binary. Most continuous vari-
ables can easily be reduced and dichotomized into binary 
variables, but as a result data granularity is lost. Both regres-
sion and classification share a common analytical workflow 
with difference in regard to model evaluation and reporting 
(c.f. cite Chap. 5 Classification problems and cite Chap. 6 
Regression problems for a detailed discussion). An adapt-
able pipeline for both regression and classification problems 
is demonstrated in Parts IV and V.  Both sections contain 
detailed instructions along with a simulated dataset of 
10,000 patients with glioblastoma and the code based on the 
statistical programming language R, which is available as 
open-source software.

For a general overview, a four-step approach to PM is pro-
posed (Fig. 2.2): First and most important (1) all data needs 
to be pre-processed. ML is often thought of as letting data do 
the heavy lifting, which in part is correct, however, the raw 

data is often not suited to learning well in its current form. A 
lot of work needs to be allocated to preparing the input data 
including data cleaning and pre-processing (imputation, 
scaling, normalization, encoding) as well as feature engi-
neering and selection. This is followed by using (2) resam-
pling techniques such as k-fold cross-validation (c.f. cite 
Chap. 3 generalization and overfitting) to train different 
models and perform hyperparameter tuning. In a third step 
(3), the different models are compared and evaluated for gen-
eralizability based on a chosen out-of-sample performance 
measure in an independent testing set. The best performing 
model is ultimately selected, the model’s out-of-sample cali-
bration assessed (c.f. cite Chap. 4 Evaluation and points of 
significance), and, in a fourth step (4) the model is externally 
validated—or at least prospectively internally validated—to 
ensure clinical usage is safe and generalizable across loca-
tions, different populations and end users (c.f. cite Chap. 3 
Generalization and overfitting). The European Union (EU) 
and the Food and Drug Administration (FDA) have both set 
standards for classifying machine learning and other soft-
ware for use in healthcare, upon which the extensiveness of 
validation that is required before approved introduction into 
clinical practice is based. For example, to receive the CE 
mark for a clinical decision support (CDS) algorithm—
depending on classification—the EU requires compliance 
with ISO 13485 standards, as well as a clinical evaluation 
report (CER) that includes a literature review and clinical 
testing (validation) [39].

Fig. 2.2  A four-step predictive modeling workflow. (1) Data prepara-
tion includes cleaning and featurization of the given raw data. Data pre-
processing combines cleaning and outlier detection, missing data 
imputation, the use of standardization methods, and correct feature 
encoding. The pre-processed data is further formed into features—man-
ually in a process called feature engineering or automatically deduced 
by a process called feature extraction. In the training process (2) resam-
pling techniques such as k-fold cross-validation are used to train and 

tune different models. Most predictive features are identified in a fea-
ture selection process. (3) Models are compared and evaluated for gen-
eralizability in an independent testing set. The best performing model is 
selected, and out-of-sample discrimination and calibration are assessed. 
(4) The generalizing model is prospectively internally and externally 
validated to ensure safe clinical usage across locations and users
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2.6	 �Conclusion

We appear to be at the beginning of an accelerated trend 
towards data-driven decision-making in biomedicine enabled 
by a transformative technology—machine learning [5]. Given 
the ever-growing and highly complex “big data” biomedical 
datasets and increases in computational power, machine 
learning approaches prove to be highly successful analytical 
strategies towards a patient-tailored approach regarding diag-
nosis, treatment choice, and outcome prediction. Going for-
ward, we expect that training neuroscientists and clinicians in 
the concepts of machine learning will undoubtably be a cor-
ner stone for the advancement of individualized medicine in 
the realm of precision medicine. With the series “Machine 
learning-based clinical prediction modeling,” we aim to pro-
vide both a conceptual and practical guideline for predictive 
analytics in the clinical routine to strengthen every clinician’s 
competence in modern machine learning techniques.
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Foundations of Machine 
Learning-Based Clinical Prediction 
Modeling: Part II—Generalization 
and Overfitting

Julius M. Kernbach and Victor E. Staartjes

3.1	 �Introduction

In the first part of this review series, we have discussed gen-
eral and important concepts of machine learning (ML) and 
presented a four-step workflow for machine learning-based 
predictive pipelines. However, many regularly faced chal-
lenges, which are well-known within the ML community, are 
less established in the clinical community. One common 
source of trouble is overfitting. It is a common pitfall in pre-
dictive modeling, whereby the model not only fits the true 
underlying relationship of the data but also fits the individual 
biological or procedural noise associated with each observa-
tion. Dealing with overfitting remains challenging in both 
regression and classification problems. Erroneous pipelines 
or ill-suited applied models may lead to drastically inflated 
model performance, and ultimately cause unreliable and 
potentially harmful clinical conclusions. We discuss and 
illustrate different strategies to address overfitting in our 
analyses including resampling methods, regularization and 
penalization of model complexity [1]. In addition, we dis-
cuss feature selection and feature reduction. In this section, 
we review overfitting as potential danger in predictive ana-
lytic strategies with the goal of providing useful recommen-

dations for clinicians to avoid flawed methodologies and 
conclusions (Table 3.1).

3.2	 �Overfitting

Overfitting occurs when a given model adjusts too closely to 
the training data, and subsequently demonstrates poor per-
formance on the testing data (Fig. 3.1). While the model’s 
goodness of fit to the present data sample seems impressive, 
the model will be unable to make accurate predictions on 
new observations. This scenario represents a major pitfall in 
ML. At first, the performance within the training data seems 
excellent, but when the model’s performance is evaluated on 
the hold-out data (“out-of-sample error”) it generalizes 
poorly. There are various causes of overfitting, some of 
which are intuitive and easily mitigated. Conceptually, the 
easiest way to overfit is simply by memorizing observations 
[2–4].

We simply remember all data patterns, important patterns 
as well as unimportant ones. For our training data, we will 
get an exceptional model fit, and minimal training error by 
recalling the known observations from memory—implying 
the illusion of success. However, once we test the model’s 
performance on independent test data, we will observe pre-
dictive performance that is no better than random. By over-
training on the present data, we end up with a too close fit to 
the training observations. This fit only partially reflects the 
underlying true data-generating process, but also includes 
random noise specific to the training data. This can either be 
sample-specific noise, both procedural as well as biological, 
but also the hallucination of unimportant patterns [5]. 
Appling the overfitted model to new observations will out 
itself as an out-of-sample performance that is massively 
worse than the training performance. In this way, the amount 
of overfitting can be defined as the difference among dis-
criminatory training and testing performance—while it is 
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normal that out-of-sample performance is equal to or ever so 
slightly worse than training performance for any adequately 
fitted model, a massive difference suggests relevant overfit-
ting. This is one reason why in-sample model performance 
should never be reported as evidence for predictive perfor-
mance. Instead model training and selection should always 
be performed on a separate train set, and only in the final step 
should the final model be evaluated on an independent test 
set to judge true out-of-sample performance.

�The Bias-Variance Trade-Off

In ML we opt to make accurate and generalizable predic-
tions. When the test error is significantly higher than the 
training error, we can diagnose overfitting. To understand 
what is going on we can decompose the predictive error into 

Table 3.1  Concept summaries

Concept Explanation
Noise Noise is unexplained and random variation 

inherent to the data (biological noise) or 
introduced by variables of no interest 
(procedural noise, including measurement 
errors, site variation).

Overfitting Over-learning of random patterns associated 
with noise or memorization in the training data. 
Overfitting leads to a drastically decreased 
ability to generalize to new observations.

Bias Bias quantifies the error term introduced by 
approximating highly complicated real-life 
problems by a much simpler statistical model. 
Models with high bias tend to underfit.

Variance Variance refers to learning random structure 
irresponsible of the underlying true signal. 
Models with high variance tend to overfit.

Data Leakage/
Contamination

Or the concept of “looking at data twice”. 
Overfitting is introduced when observations 
used for testing also re-occur in the training 
process. The model then “remembers” instead 
of learning the underlying association.

Model Selection Iterative process using resampling such as 
k-fold cross-validation to fit different models in 
the training set.

Model 
Assessment

Evaluation of a model’s out-of-sample 
performance. This should be conducted on a 
test set of data that was set aside and not used 
in training or model selection. The use of 
multiple measures of performance (AUC, F1, 
etc.) is recommended.

Resampling Resampling methods fit a model multiple times 
on different subsets of the training data. 
Popular methods are k-fold cross-validation and 
the bootstrap.

k-Fold 
Cross-Validation

Data is divided in k equally sized folds/sets. 
Iteratively, k − 1 data is used for training and 
evaluated on the remaining unseen fold. Each 
fold is used for testing once.

LOOCV LOOCV (leave-one-out cross-validation) is a 
variation of cross-validation. Each observation 
is left out once, the model is trained on the 
remaining data, and then evaluated on the 
held-out observation.

Bootstrap The bootstrap allows to estimate the uncertainty 
associated with any given model. Typically, in 
1000–10,000 iterations bootstrapped samples 
are repetitively drawn with replacement from 
the original data, the predictive model is 
iteratively fit and evaluated.

Hyperparameter 
Tuning

Hyperparameters define how a statistical model 
learns and need to be specified before training. 
They are model specific and might include 
regularization parameters penalizing model’s 
complexity (ridge, lasso), number of trees and 
their depth (random forest), and many more. 
Hyperparameters can be tuned, that is, 
iteratively improved to find the model that 
performs best given the complexity of the 
available data.

Fig. 3.1  Conceptual visualization of the bias-variance trade-off. A pre-
dictive model with high bias and low variance (A), consistently approx-
imates the underlying data-generating process with a much simpler 
model (here a hyperplane), and hence result in an underfit solution. (B) 
A U-shaped decision boundary represents the optimal solution in this 
scenario, here, both bias and variance are low, resulting in the lowest 
test error. (C) Applying an overly flexible model results in overfitting. 
Data quirks and random non-predictive structures that are unrelated to 
the underlying signal are learned
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its essential parts bias and variance [6, 7]. Their competing 
nature, commonly known under the term bias-variance 
trade-off, is very important and notoriously famous in the 
machine learning community. Despite its fame and impor-
tance, the concept is less prominent within the clinical com-
munity. Bias quantifies the error term introduced by 
approximating highly complicated real-life problems by a 
much simpler statistical model, that is underfitting the com-
plexity of the data-generating process. In other words, a 
model with high bias tends to consistently learn the wrong 
response. That by itself does not necessarily need to be a 
problem, as simple models were often found to perform 
very well sometimes even better than more sophisticated 
ones [8]. However, for maximal predictive compacity we 
need to find the perfect balance between bias and variance. 
The term variance refers to learning random structure irre-
sponsible of the underlying true signal. That is, models with 
high variance can hallucinate patterns that are not given by 
the reality of the data. Figure 3.1 illustrates this in a classifi-
cation problem. A linear model (Fig. 3.1a, high bias and low 
variance) applied to class data, in which the frontier between 
the two classes is not a hyperplane, is unable to induce the 
underlying true boundary. It will consistently learn the 
wrong response, that is a hyperplane, despite the more com-
plex true decision boundary and result into “underfitting” 
the true data-generating process. On the other extreme, an 
excessively flexible model with high variance and low bias 
(Fig. 3.1c) will learn random non-predictive structure that is 
unrelated to the underlying signal. Given minimally differ-
ent observations, the overly flexible model fit could drasti-
cally change in an instance. The latter complex model would 
adapt well to all training observations but would ultimately 
fail to generalize and predict new observations in an inde-
pendent test set. Neither the extremely flexible nor the insuf-
ficiently flexible model is capable of generalizing to new 
observations.

�Combatting Overfitting: Resampling

We could potentially collect more data for an independent 
cohort to test our model, but this would be highly time-
consuming and expensive. In rich data situations, we can 
alternatively split our sample into a data set for training and 
a second set for testing (or hold-out set) to evaluate the mod-
el’s performance in new data (i.e., the model’s out-of-sample 
performance) more honestly. We would typically use a ran-
dom 80%/20% split for training and testing (while remain-
ing class balance within the training set, see Chap. 4). 
Because we often lack a sufficiently large cohort of patients 
to simply evaluate generalization performance using data 

splits, we need to use a less data-hungry but equally efficient 
alternatives. The gold standard and popular approach in 
machine learning to address overfitting is to evaluate the 
model’s generalization ability via resampling methods [9]. 
Some of these resampling methods—particularly the boot-
strap—have already long been used in inferential statistical 
analysis to generate measures of variance [10]. Resampling 
methods are an indispensable tool in today’s modern data 
science and include various forms of cross-validation [3, 
11]. All forms have a common ground: they involve splitting 
the available data iteratively into a non-overlapping train and 
test set. Our statistical model is then refitted and tested for 
each subset of the train and test data to obtain an estimate of 
generalization performance. Most modern resampling meth-
ods have been derived from the jackknife—a resampling 
technique developed by Maurice Quenouille in 1949 [12]. 
The simplest modern variation of cross-validation—also 
based on the jackknife—is known as leave-one-out cross-
validation (LOOCV). In LOOCV, the data (n) is iteratively 
divided into two unequal subsets with the train set of n − 1 
observations and the test set containing the remaining one 
observation. The model is refitted and evaluated on the 
excluded held-out observation. The procedure is then 
repeated n times and the test error is then averaged over all 
iterations. A more popular alternative to LOOCV and gener-
ally considered the gold standard is k-fold cross-validation 
(Fig. 3.2). The k-fold approach randomly divides the avail-
able data into a k amount of non-overlapping groups, or 
folds, of approximately equal size. Empirically, k  =  5 or 
k = 10 are preferred and commonly used [13]. Each fold is 
selected as test set once, and the model is fitted on the 
remaining k − 1 folds. The average over all fold-wise perfor-
mances estimates the generalizability of a given statistical 
model. Within this procedure, importantly, no observation is 
selected for both training and testing. This is essential, 
because, as discussed earlier, predicting an observation that 
was already learned during training equals memorization, 
which in turn leads to overfitted conclusions.

Cross-validation is routinely used in both model selection 
and model assessment. Yet another extremely powerful and 
popular resampling strategy is the bootstrap [14, 15], which 
allows for the estimation of the accuracy’s uncertainty appli-
cable to nearly any statistical method. Here, we obtain new 
bootstrapped sets of data by repeatedly sampling observa-
tions from the original data set with replacement, which 
means any observation can occur more than once in the boot-
strapped data sample. Thus, when applying the bootstrap, we 
repeatedly randomly select n patients from an n-sized train-
ing dataset, and model performance is evaluated after every 
iteration. This process is repeated many times—usually with 
25–1000 repetitions.

3  Foundations of Machine Learning-Based Clinical Prediction Modeling: Part II—Generalization and Overfitting
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�Considerations on Algorithm Complexity

To avoid over- or underfitting, an appropriate level of model 
complexity is required [11, 16]. Modulating complexity can 
be achieved by adding a regularization term, which can be 
used with any type of predictive model. In that instance, the 
regularization term is added to favor less-complex models 
with less room to overfit. As complexity is intrinsically 
related to the number and magnitude of parameters, we can 
add a regularization or penalty term to control the magnitude 
of the model parameters, or even constrain the number of 
parameters used. There are many different penalties specific 
to selected models. In a regression setting, we could add 
either a L1 penalty (LASSO, least absolute shrinkage and 
selection operator), which selectively removes variables 
form the model, a L2 penalty (Ridge or Tikhonov regulariza-
tion), which shrinks the magnitude of parameters but never 
fully removes them from the model or an elastic net (combi-
nation of L1 and L2) [13, 17, 18]. For neural networks, drop-
out is a very efficient regularization method [19]. Finding the 
right balance based on regularization, that is, to define how 
complex a model can be, is controlled by the model’s hyper-
parameters (L1 or L2 penalty term in regression, and many 

more). Restraining model complexity by adding a regular-
ization term is an example of a model hyperparameter. 
Typically, hyperparameters are tuned, which means that the 
optimal level is evaluated during model training. Again, it is 
important to respect the distinction of train and test data. As 
a simple guideline, we recommend to automate all necessary 
pre-processing steps including hyperparameter tuning within 
the chosen resampling approach to ensure none of the above 
are performed on the complete data set before cross-
validation [20]. Otherwise, this would result in circularity 
and inflate the overall predictive performance [21].

�Data Leakage

Whenever resampling techniques are applied, the investiga-
tor has to ensure that data leakage or data contamination is 
not accidently introduced. From the standpoint of ML, data 
contamination—part of the test data leaking into the model-
fitting procedure—can have severe consequences, and lead 
to drastically inflated predictive performance. Therefore, 
caution needs to be allocated to the clean isolation of train 
and test data. As a general rule-of-thumb, no feature 

Fig. 3.2  k-fold cross-validation with an independent hold-out set. The 
complete dataset is portioned into training data (~80%) and testing data 
(~20%) before any resampling is applied. Within the training set, k-fold 
cross-validation is used to randomly divide the available data into k = 5 
equally sized folds. Iteratively, k − 1 folds are used to train a chosen 
model, and the fold-wise performance (Ek) is evaluated on the remain-
ing unseen validation fold. These fold-wise performances are averaged, 

and together, the out-of-sample performance is estimated as ETrain. 
When different models are trained, the best performing one is selected 
and tuned (model selection, hyperparameter tuning) and evaluated on 
the independent hold-out set (or “test set”). The resulting performance 
ETest is reported and estimates the predictive performance beyond the 
present data
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selection or dimensionality reduction method that involves 
the outcome measure should be performed on the complete 
data set before cross-validation or splitting. This would 
open doors for procedural bias, and raise concerns regarding 
model validity. Additionally, nested cross-validation should 
be used in model selection and hyperparameter tuning. The 
nestedness adds an additional internal cross-validation loop 
to guarantee clean distinction between the “test data” for 
model selection and tuning and ultimately the “test data” 
used for model performance assessment.

Usually the data splits are then named “train”—“test”—
“(external) validation,” however, different nomenclatures are 
frequently used.

While resampling techniques can mitigate overfitting, 
they can also lead to manual overfitting when too many 
hyperparameter choices are made in the process [22]. 
Another consideration to keep in mind is that whenever a 
random data split is selected, it is with the assumption that 
each split is representative of the full data set. This can 
become problematic in two cases: (1) When data is depen-
dent, data leakage occurs when train and test data share non-
independent observations, such as the inclusion of both the 
index and revision surgery of patients. Both observations 
are systematically similar, induce overfitting and ultimately 
undermine the validity of the resulting model performance. 
(2) When data is not identically distributed: this is a serious 
problem in small sample scenarios, where splits are drawn 
out of a highly variable set of observations. Depending on 
which of the patients end up in the train or test data, the 
model performance can greatly fluctuate, and can be an 
overly optimistic estimate of predictive performance. 
Generally, less inflated predictive performance can be 
observed as the sample size increases [23]. As studies based 
on small sample sizes can generate highly variable esti-
mates, conclusions may often be exaggerated or even 
invalid. Hence, predictive modeling should be restricted or 
used with caution when only small amounts of data are 
available. Considerations regarding sample size are dis-
cussed in Part III.

3.3	 �Importance of External Validation 
in Clinical Prediction Modeling

External validation of clinical prediction models represents 
an important part in their development and rollout [24, 25]. 
In order to generalize, the input data, i.e. the training sample, 
needs to be representative. However, without external vali-
dation, the site bias or center bias, which includes variations 
in treatment protocols, surgical techniques, level of experi-
ence between departments and clinical users, as well as the 
so-called sampling/selection bias, which refers to systemati-
cally different data collection in regard to the patient cohort, 

cannot be detected. For these reasons, an empirical assess-
ment of model performance on an unrelated, “external” data-
set is required before an application can publicly be released. 
Erroneous or biased predictions can have severe sequelae for 
patients and clinicians alike, if misjudgments are made based 
upon such predictions. As a gold standard, external valida-
tion enables unbiased testing of model performance in a new 
cohort with different demographics. If a clinical prediction 
model shows comparable discrimination and calibration per-
formance at external validation, generalizability may be con-
firmed. Then, it may be safe to release the model into the 
clinical decision-making progress. As an alternative to exter-
nal validation—certainly the gold standard to ensure gener-
alizability of a clinical prediction model—one might consider 
prospective internal validation (i.e. validation on a totally 
new sample of patients who are, however, derived from the 
same center with the same demographics, surgeons, and 
treatment protocols as the originally developed model). 
While prospective internal validation will also identify any 
overfitting that might be present, and will enable safe use of 
the prediction model at that specific center, this method does 
not allow ruling out center bias, i.e. does not ensure the safe 
use of the model in other populations.

3.4	 �Feature Reduction and Selection

In overtly complex and high-dimensional data with too many 
parameters, we find ourselves in an over-parameterized analyti-
cal setting. However, due to ‘the curse of dimensionality’—a 
term famously coined by Richard Bellmann in 1961—general-
ization becomes increasingly more difficult in high dimensions. 
The approach to avoid “the curse” has been to find lower repre-
sentation of the given feature space [26]. If there were too many 
features or variables present, feature reduction or feature selec-
tion methods can be applied. In feature reduction, methods are 
applied to simplify the complexity of the given high-dimen-
sional data while retaining important and innate patterns of the 
data. Principal component analysis (PCA) is a popular illustra-
tion [27]. As an unsupervised ML method PCA is conceptually 
similar to clustering, and learns from data without any reference 
or a priori knowledge of the predicted outcome. Analytically, 
PCA reduces high-dimensional data by projecting them onto 
the so-called principal components, which represent summaries 
of the data in fewer dimensions. PCA can hence be used as a 
strong statistical tool to reduce the main axis of variance within 
a given feature space. Feature selection refers to a similar proce-
dure, which is also applied to initially too large feature spaces to 
reduce the number of input features. The key in feature selection 
is not to summarize data into lower dimensions as in feature 
reduction, but to actually reduce the number of included fea-
tures to end up with only the “most useful” ones—and eliminate 
all non-informative ones. Naturally, if certain domain knowl-
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edge is present, vast sets of features can be constructed to a 
better set of informative features. For instance, in brain imaging, 
voxels of an MRI scan can either be considered individually or 
can be summarized into functionally or anatomically homoge-
nous areas—a concept of topographical segregation that dates 
back to Brodmann [28, 29]. The problem of feature selection is 
well-known in the ML community and has generated a vast 
body of literature early on [30, 31]. A common pruning tech-
nique to select features that together maximize, e.g. classifica-
tion performance is recursive feature elimination (RFE) [32, 
33]. In RFE, a given classifier or regressor is iteratively trained, 
and a ranking criterion for all features is estimated. The feature 
with the smallest respective ranking criterion is then eliminated. 
Introduced by Guyon and colleagues [32], RFE was initially 
used to extract small subsets of highly discriminant genes in 
DNA arrays and build reliable cancer classifiers. As an instance 
of backward elimination—that is, we start with the complete set 
of variables and progressively eliminate the least informative 
features—RFE can be used both in classification and regression 
settings with any given learner, but remains computationally 
greedy (“brute force”), as many different, e.g. classifiers on fea-
ture subsets of decreasing size are revisited. As an important 
consideration, RFE selects subsets of variables based on an opti-
mal subset ranking criterion. Consequently, a group of features 
combined may lead to optimal predictive performance, while 
the individual features included do not necessarily have to be the 
most important. Embedded in the process of model training, 
variable selection procedures such as RFE can improve perfor-
mance by selecting subsets of variables that together maximize 
predictive power. Importantly, resampling methods should be 
applied when using RFE to factor in the variability caused by 
feature selection when calculating performance.

3.5	 �Conclusion

Overfitting is a multifactorial problem, and there are just as 
many possible approaches to reduce its negative impact. 
We encourage the use of resampling methods such as cross-
validation in every predictive modeling pipeline. While 
there are various options to choose from, we recommend 
the usage of k-fold cross-validation or the bootstrap. Nested 
loops may be used for hyperparameter tuning and model 
selection. While the use of resampling does not solve over-
fitting, it helps to gain a more representative understanding 
of the predictive performance, especially of out-of-sample 
error. Feature reduction and selection methods, such as 
PCA and RFE are introduced for handling high-dimen-
sional data. A potential pitfall along the way is data con-
tamination, which occurs when data leaks from the 
resampled test to train set and hence leads to overconfident 
model performance. We encourage the use of standardized 

pipelines (see Chaps. 5 and 6 here for examples), which 
include feature engineering, hyperparameter tuning and 
model selection within one loop to minimize the risk of 
unintentionally leaking test data. Finally, we recommend 
including a regularization term as hyperparameter and to 
restrict extensive model complexity, which will avoid over-
fitted predictive performance.
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Foundations of Machine 
Learning-Based Clinical Prediction 
Modeling: Part III—Model Evaluation 
and Other Points of Significance

Victor E. Staartjes and Julius M. Kernbach

4.1	 �Introduction

Once a dataset has been adequately prepared and a training 
structure (e.g. with a resampling method such as k-fold cross 
validation, see Chap. 3) has been set up, a model is ready to 
be trained. Already during training and the subsequent model 
tuning and selection, metrics to evaluate model performance 
become of central importance, as the hyperparameters and 
parameters of the models are tuned according to one or mul-
tiple of these performance metrics. In addition, after a final 
model has been selected based on these metrics, internal or 
external validation should be carried out to assess whether 
the same performance metrics can be achieved as during 
training. This section walks the reader through some of the 
common performance metrics to evaluate the discrimination 
and calibration of clinical prediction models based on 
machine learning (ML). We focus on clinical prediction 
models for continuous and binary endpoints, as these are by 
far the most common clinical applications of ML in neuro-
surgery. Multiclass classification—thus, the prediction of a 
categorical endpoint with more than two levels—may require 
other performance metrics.

Second, when developing a new clinical prediction model, 
there are several caveats and other points of significance that 
the readers should be aware of. These include what sample 

size is necessary for a robust model, how to pre-process data 
correctly, how to handle missing data and class imbalance, 
how to choose a cutoff for binary classification, and why 
extrapolation is problematic. In the second part of this sec-
tion, these topics are sequentially discussed.

4.2	 �Evaluation of Classification Models

�The Importance of Discrimination 
and Calibration

The performance of classification models can roughly be 
judged along two dimensions: Model discrimination and 
calibration [1]. The term discrimination denotes the ability 
of a prediction model to correctly classify whether a certain 
patient is going to or is not going to experience a certain 
outcome. Thus, discrimination described the accuracy of a 
binary prediction—yes or no. Calibration, however, 
describes the degree to which a model’s predicted probabili-
ties (ranging from 0% to 100%) correspond to the actually 
observed incidence of the binary endpoint (true posterior). 
Many publications do not report calibration metrics, although 
these are of central importance, as a well-calibrated pre-
dicted probability (e.g. your predicted probability of experi-
encing a complication is 18%) is often much more valuable 
to clinicians—and patients!—than a binary prediction (e.g. 
you are likely not going to experience a complication) [1].

There are other factors that should be considered when 
selecting models, such as complexity and interpretability of 
the algorithm, how well a model calibrates out-of-the-box, as 
well as e.g. the computing power necessary [2]. For instance, 
choosing an overly complex algorithm for relatively simple 
data (i.e. a deep neural network for tabulated medical data) 
will vastly increase the likelihood of overfitting with only 
negligible benefits in performance. Similarly, even though 
discrimination performance may be ever so slightly better 
with a more complex model such as a neural network, this 
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comes at the cost of reduced interpretability (“black box” 
models) [3]. The term “black box” model denotes a model 
for which we may know the input variables are fed into it and 
the predicted outcome, although there is no information on 
the inner workings of the model, i.e. why a certain prediction 
was made for an individual patient and which variables were 
most impactful. This is often the case for highly complex 
models such as deep neural networks or gradient boosting 
machines. For these models, usually only a broad “variable 
importance” metric that described a ranking of the input 
variables in order of importance can be calculated and should 
in fact be reported. However, how exactly the model inte-
grated these inputs and arrived at the prediction cannot be 
comprehended in highly complex models [3]. In contrast, 
simpler ML algorithms, such as generalized linear models 
(GLMs) or generalized additive models (GAMs), which 
often suffice for clinical prediction modeling, provide inter-
pretability in the form of odds ratios or partial dependence 
metrics, respectively. Lastly, highly complex models often 
exhibit poorer calibration out-of-the-box [2].

Consequently, the single final model to be internally or 
externally validated, published, and readied for clinical use 
should not only be chosen based on resampled training per-
formance [4]. Instead, the complexity of the dataset (i.e. 
tabulated patient data versus a set of DICOM images) should 
be taken into account. Whenever suitable, highly interpreta-
ble models such as generalized linear models or generalized 
additive models should be used. Overly complex models 
such as deep neural networks should generally be avoided 
for basic clinical prediction modeling.

�Model Discrimination

For a comprehensive assessment of model discrimination, 
the following data are necessary for each patient in the sam-
ple: A true outcome (also called “label” or “true posterior”), 
the predicted probabilities produced by the model, and the 
classification result based on that predicted probability (pre-
dicted outcome). To compare the predicted outcomes and the 
true outcomes, a confusion matrix (Table 4.1) can be gener-
ated. Nearly all discrimination metrics can then be derived 
from the confusion matrix.

�Area Under the Curve (AUC)
The only common discrimination metric that cannot be 
derived directly from the confusion matrix is the area under 
the receiver operating characteristic curve (AUROC, com-

monly abbreviated to AUC or ROC, also called c-statistic). 
For AUC, the predicted probabilities are instead contrasted 
with the true outcomes. The curve (Fig. 4.1) shows the per-
formance of a classification model at all binary classification 
cutoffs, plotting the true positive rate (Sensitivity) against the 
false positive rate (1—Specificity). Lowering the binary 
classification cutoff classifies more patients as positive, thus 
increasing both false positives and true positives. It follows 
that AUC is the only common discrimination metric that is 
uniquely not contingent upon the chosen binary classifica-
tion cutoff. The binary classification cutoff at the top left 
point of the curve, known as the “closest-to-(0,1)-criterion,” 
can even be used to derive an optimal binary classification 
cutoff, which is explained in more detail further on [5]. 
Models are often trained and selected for AUC, as AUC can 
give a relatively broad view of a model’s discriminative abil-
ity. An AUC value of 1.0 indicates perfect discrimination, 
while an AUC of 0.5 indicates a discriminative performance 
not superior to random prediction. Usually, a model is con-
sidered to perform well if an AUC of 0.7 or 0.8 is achieved. 
An AUC above 0.9 indicated excellent performance.

�Accuracy

	
Accuracy

TP TN
=

+
+P N 	

Based on the confusion matrix, a model’s accuracy equals 
the total proportion of patients who were correctly classified 
as either positive or negative cases. While accuracy can give 

Table 4.1  A confusion matrix

Negative label Positive label
Predicted Negative 800 (True Negative) 174 (False Negative)
Predicted Positive 157 (False Positive) 869 (True Positive)
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Fig. 4.1  Area under the receiver operating characteristic curve (AUC) 
plot demonstrating an AUC of 0.922. The plot also indicated that, 
according to the “closest-to-(0,1)-criterion”, 0.496 is the optimal binary 
classification cutoff that balances sensitivity and specificity perfectly
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a broad overview of model performance, it is important to 
also consider sensitivity and specificity, as accuracy can be 
easily skewed by several factors including class imbalance (a 
caveat discussed in detail later on). An accuracy of 100% is 
optimal, while an accuracy of 50% indicates a performance 
that is equal to random predictions. The confusion matrix in 
Table 4.1 gives an accuracy of 83.5%.

�Sensitivity and Specificity

	
Sensitivity

TP
=

P 	

	
Specificity

TN
=

N 	

Sensitivity denotes the proportion of patients who are 
positive cases and who were indeed correctly predicted to be 
positive. Conversely, specificity measures the proportion of 
patients who are negative cases, and who were correctly pre-
dicted to be negative. Thus, a prediction model with high 
sensitivity generates only few false negatives, and the model 
can be used to “rule-out” patients if the prediction is nega-
tive. A model with high specificity, however, can be used to 
“rule-in” patients if positive, because it produces only few 
false positives. In data science, sensitivity is sometimes 
called “recall.” The confusion matrix in Table  4.1 gives a 
sensitivity of 83.3% and a specificity of 83.6%.

�Positive Predictive Value (PPV) and Negative 
Predictive Value (NPV)

	
PPV

TP

TP FP
=

+ 	

	
NPV

TN

TN FN
=

+ 	

PPV is defined as the proportion of positively predicted 
patients who are indeed true positive cases. Conversely, NPV 
is defined as the proportion of negatively predicted patients 
who turn out to be true negatives. PPV and NPV are often 
said to be more easily clinically interpretably in the context 
of clinical prediction modeling than sensitivity and specific-
ity, as they relate more directly to the prediction itself: For a 
model with a high PPV, a positive prediction is very likely to 
be correct, and for a model with a high NPV, a negative pre-
diction is very likely to be a true negative. In data science, 
PPV is sometimes called “precision.” The confusion matrix 
in Table 4.1 gives a PPV of 84.7% and a NPV of 82.1%.

�F1 Score

	
F

PPV Sensitivity

PPV Sensitivity
1 2= ×

×
+ 	

The F1 score is a composite metric popular in the ML 
community, which is mathematically defined as the har-
monic mean of PPV and sensitivity. Higher values represent 
better performance, with a maximum of 1.0. The F1 score is 
also commonly used to train and select models during train-
ing. The confusion matrix in Table 4.1 gives a F1 score of 
0.840.

�Model Calibration

�Calibration Intercept and Slope
As stated above, calibration describes the degree to which a 
model’s predicted probabilities (ranging from 0% to 100%) 
correspond to the actually observed incidence of the binary 
endpoint (true posterior). Especially for clinically applied 
models, a well-calibrated predicted probability (e.g. your 
predicted probability of experiencing a complication is 18%) 
is often much more valuable to clinicians and patients alike 
than a binary prediction (e.g. you are likely not going to 
experience a complication) [1]. A quick overview of a mod-
el’s calibration can be gained from generating a calibration 
plot (Fig.  4.2), which we recommend to include for every 
published clinical prediction model. In a calibration plot, the 
patients of a certain cohort are stratified into g equally-sized 
groups ranked according to their predicted probabilities. If 
you have a large cohort available, opt for g = 10; if you have 
only few patients you may opt for g = 5 to smooth the cali-
bration curve to a certain degree. On the y axis, for each of 
the g groups, the observed proportion of positive cases is 

Fig. 4.2  Calibration plot comparing the predicted probabilities—
divided into ten bins—of a binary classification model to the true 
observed outcome proportions. The diagonal line represents the ideal 
calibration curve. A smoother has been fit over the ten bins. This model 
achieved an excellent calibration intercept of 0.04, with a slope of 0.96
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