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Datum Einheit Thema
16.10.2024 Grundlagen (0) Einführung
23.10.2024 Grundlagen (1) Matrizen
30.10.2024 Grundlagen (2) Eigenanalyse
06.11.2024 Grundlagen (4) Multivariate Normalverteilungen
13.11.2024 Frequentistische Inferenz (5) Multivariate Deskriptivstatistik
20.11.2024 Frequentistische Inferenz (6) Multivariate Varianzanalyse
27.11.2024 Frequentistische Inferenz (7) Kanonische Korrelation
04.12.2024 Prädiktive Modellierung (6) Prädiktive Modellierung
11.12.2024 Prädiktive Modellierung (7) Nichtlineare Optimierung
18.12.2024 Prädiktive Modellierung (8) Dimensionsreduktion

Weihnachtspause
08.01.2025 Prädiktive Modellierung (9) Lineare Diskriminanzanalyse
15.01.2025 Prädiktive Modellierung (10) Logistische Regression
22.01.2025 Prädiktive Modellierung (11) Support Vektor Maschinen
29.01.2025 Prädiktive Modellierung (11) Neuronale Netze
07.02.2025 Klausurtermin MSc KliPP
Juli 2025 Klausurtermin MSc Psychologie
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Figure 1
Generalizability assessment using cross-validation (CV). (a) Generalizability can be assessed and optimized using k-fold CV, which
simulates the application of the model to new individuals by separating a sample into folds consisting of training and test sets. In the
simplest scheme, one test fold is left out, and models are trained in the remaining data. The models are then applied to the left-out
individuals to finally assess the sensitivity and specificity of the model performance. This process is repeated for all folds. (b) Once the
models are created in retrospective, labeled data, they can be prospectively applied to new individuals to make a prediction.
(c) Generalizability can be assessed in a hierarchy where models are applied in progressively more diverse selections of individuals,
contexts (e.g., temporal and geographical), and populations (e.g., genetic, cultural, diagnostic, or otherwise). Single-site CV (bottom) is
most common and involves the creation and assessment of models using CV in a single location (e.g., a single hospital or clinic), thus
measuring the degree of generalizability across different individuals in the respective catchment area. Pooled multisite CV involves
combining subjects from multiple sites to create and assess models and is a simple test of model generalizability across individuals and
contexts. Leave-site-out CV is a much more stringent test of context generalizability that involves explicitly separating experimental
sites during the training and testing process. In this framework, one site is left out as a test site, models are trained in the remaining
sites, and the models are assessed in the left-out site, thus more effectively assessing the degree to which a model will generalize to new
contexts and populations. External validation is a technique used when models have been previously generated (using CV or otherwise)
and are applied to new data from a different study (e.g., different individuals, contexts, and often study protocols). Prospective
validation involves the application of pre-existing models to new individuals either in a clinical trial or in real-life circumstances.

Feature: a single
variable (e.g., age)
usually from a larger
feature set

used, and while authors recommend 5- or 10-fold CV (Breiman & Spector 1992) or statistical
criteria (Hastie et al. 2009, James et al. 2015), it largely depends on the sample size, the number
of variables, the machine learning algorithms used, and whether other procedures are being used
(e.g., feature selection).

A k-fold design is flexible and adaptations to the technique have allowed the optimization of
generalizability (Filzmoser et al. 2009, Konig et al. 2007, Stone 1974). The current gold-standard
scheme is nested (or double) CV, which includes a CV cycle within another, superordinate CV
cycle that is ultimately used to assess the generalizability of the models (Filzmoser et al. 2009,
Stone 1974). The nested CV design is powerful because parameters or features that optimize

12.8 Dwyer · Falkai · Koutsouleris
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Figure 2
Conceptual representation of the support vector machine (SVM) approach to supervised classification. (a) The SVM algorithm works
by identifying cases on the inner boundary of group distributions (red and blue) to construct a margin that maximally separates cases
with different labels based on a hyperplane. The hyperplane determines the group membership within the training and testing samples.
(b) Hyperparameters of a modern soft-margin SVM (Cortes & Vapnik 1995) can be tuned to balance accuracy in the training set and
generalizability in the test data. In this case, modification to the C parameter has led to an optimally generalizable decision boundary
that results in misclassification of two cases. (c) Nonlinear kernels can be used to characterize complex decision boundaries, such as the
circular decision boundary depicted in this panel.

The SVM approach is illustrated in Figure 2, where cases are represented in a two-dimensional
space, and the aim is to determine a linear boundary, or hyperplane, that can be used to optimally
classify current cases and generalize to future (unlabeled) cases. Instead of using all cases to calcu-
late the placement of the hyperplane, the SVM algorithm only uses cases on the closest external
borders of the distributions—these cases are called support vectors. A margin can then be defined
using the support vectors with the goal of maximizing the distance between the margins and the
hyperplane. Parameters that determine the size of the margin and the degree of misclassification
can be manipulated to balance the goals of correct classification in the training set and general-
izability to the test set. For example, a hard margin can be employed that tightly fits the training
data by not allowing any cases to be misclassified, but this margin may not generalize well. Alter-
natively, a soft margin can be used that allows cases to be within the margins or misclassified with
the aim of increasing generalizability—counter-intuitively, allowing misclassifications increases
generalizability by reducing overfitting during training (Cortes & Vapnik 1995) (Figure 2). The
margin and misclassification allowance are controlled via the C hyperparameter, which can be
optimized, or tuned, during the CV process to achieve a goal (e.g., the highest accuracy in the test
subjects).

Aspects of the SVM algorithm have developed over time to include the ability to characterize
nonlinear hyperplanes by using a data transformation implemented by a kernel function (Hastie
et al. 2009, James et al. 2015). For nonlinear problems, the data is transformed, or mapped, via
a kernel into a space with an added dimension (e.g., a third dimension that warps the data based
on Gaussian distribution). In this space, a linear boundary can be used to separate the points,
but when the data is back-projected to its original dimensions, a complex nonlinear decision
boundary is apparent (Figure 2). For example, a polynomial kernel can be used to obtain a
curved decision boundary in the original space, or a radial basis function kernel can establish a
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Figure 1
Generalizability assessment using cross-validation (CV). (a) Generalizability can be assessed and optimized using k-fold CV, which
simulates the application of the model to new individuals by separating a sample into folds consisting of training and test sets. In the
simplest scheme, one test fold is left out, and models are trained in the remaining data. The models are then applied to the left-out
individuals to finally assess the sensitivity and specificity of the model performance. This process is repeated for all folds. (b) Once the
models are created in retrospective, labeled data, they can be prospectively applied to new individuals to make a prediction.
(c) Generalizability can be assessed in a hierarchy where models are applied in progressively more diverse selections of individuals,
contexts (e.g., temporal and geographical), and populations (e.g., genetic, cultural, diagnostic, or otherwise). Single-site CV (bottom) is
most common and involves the creation and assessment of models using CV in a single location (e.g., a single hospital or clinic), thus
measuring the degree of generalizability across different individuals in the respective catchment area. Pooled multisite CV involves
combining subjects from multiple sites to create and assess models and is a simple test of model generalizability across individuals and
contexts. Leave-site-out CV is a much more stringent test of context generalizability that involves explicitly separating experimental
sites during the training and testing process. In this framework, one site is left out as a test site, models are trained in the remaining
sites, and the models are assessed in the left-out site, thus more effectively assessing the degree to which a model will generalize to new
contexts and populations. External validation is a technique used when models have been previously generated (using CV or otherwise)
and are applied to new data from a different study (e.g., different individuals, contexts, and often study protocols). Prospective
validation involves the application of pre-existing models to new individuals either in a clinical trial or in real-life circumstances.

Feature: a single
variable (e.g., age)
usually from a larger
feature set

used, and while authors recommend 5- or 10-fold CV (Breiman & Spector 1992) or statistical
criteria (Hastie et al. 2009, James et al. 2015), it largely depends on the sample size, the number
of variables, the machine learning algorithms used, and whether other procedures are being used
(e.g., feature selection).

A k-fold design is flexible and adaptations to the technique have allowed the optimization of
generalizability (Filzmoser et al. 2009, Konig et al. 2007, Stone 1974). The current gold-standard
scheme is nested (or double) CV, which includes a CV cycle within another, superordinate CV
cycle that is ultimately used to assess the generalizability of the models (Filzmoser et al. 2009,
Stone 1974). The nested CV design is powerful because parameters or features that optimize
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Leave-One-Out-Crossvalidation (LOO-CV)

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nGesamter Datensatz

TestdatenTrainingsdaten

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold 1/n

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold 2/n

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold 3/n

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold 4/n

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold 5/n

EE 1 EE 2 EE 3 EE 4 EE 5 … EE n…

EE 1 EE 2 EE 3 EE 4 EE 5 … EE nCross Fold n/n

EE = Experimentelle Einheit (z.B. Proband:in, Studiencenter, …)

Vgl. Stone (1974)
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be classified are (typically) vectors of voxel activity values.
Figure 1 illustrates the four basic steps in an MVPA
analysis. The first step, feature selection, involves deciding
which voxels will be included in the classification analysis
(Figure 1a); Box 1 describes feature selection in more
detail. The second step, pattern assembly, involves sorting
the data into discrete ‘brain patterns’ corresponding to the
pattern of activity across the selected voxels at a particular
time in the experiment (Figure 1b). Brain patterns are
labeled according to which experimental condition gener-
ated the pattern; this labeling procedure needs to account
for the fact that the hemodynamic response measured by
the scanner is delayed and smeared out in time, relative to
the instigating neural event. The third step, classifier
training, involves feeding a subset of these labeled pat-
terns into a multivariate pattern classification algorithm.
Based on these patterns, the classification algorithm
learns a function that maps between voxel activity

patterns and experimental conditions (Figure 1c). The
fourth step is generalization testing: Given a new pattern
of brain activity (not previously presented to the classifier),
can the trained classifier correctly determine the experi-
mental condition associated with that pattern (Figure 1d)?

Choosing a classifier

Machine learning researchers have developed an enor-
mous range of classification algorithms that can poten-
tially be used in MVPA studies (see [37] for details of the
classification algorithms discussed below). Most MVPA
studies have used linear classifiers, including correla-
tion-based classifiers [16,17], neural networks without a
hidden layer [29], linear discriminant analysis
[19,22,24,28], linear support vector machines (SVMs)
[20,23,26], and Gaussian Naive Bayes classifiers [26].
These classifiers all compute a weighted sum of voxel
activity values; this weighted sum is then passed through

Figure 1. Illustration of a hypothetical experiment and how it could be analyzed using MVPA. (a) Subjects view stimuli from two object categories (bottles and shoes). A

‘feature selection’ procedure is used to determine which voxels will be included in the classification analysis (see Box 1). (b) The fMRI time series is decomposed into

discrete brain patterns that correspond to the pattern of activity across the selected voxels at a particular point in time. Each brain pattern is labeled according to the

corresponding experimental condition (bottle versus shoe). The patterns are divided into a training set and a testing set. (c) Patterns from the training set are used to train a

classifier function that maps between brain patterns and experimental conditions. (d) The trained classifier function defines a decision boundary (red dashed line, right) in

the high-dimensional space of voxel patterns (collapsed here to 2-D for illustrative purposes). Each dot corresponds to a pattern and the color of the dot indicates its

category. The background color of the figure corresponds to the guess the classifier makes for patterns in that region. The trained classifier is used to predict category

membership for patterns from the test set. The figure shows one example of the classifier correctly identifying a bottle pattern (green dot) as a bottle, and one example of

the classifier misidentifying a shoe pattern (blue dot) as a bottle.

426 Review TRENDS in Cognitive Sciences Vol.10 No.9

www.sciencedirect.com

Norman et al. (2006) Trends in Cognitive Science
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𝜉
unabhängige Variablen

Beobachtbare

𝜐
abhängige Variablen

BeobachtbareUnbeobachtbare

wahre Funktion

𝜙

Explanatorische Modellierung ⇔ Grundlagenforschung

Prädiktive Modellierung ⇔ Anwendungsorientierte Forschung

Bestimmung von ෠𝜙 ≔ argmin ෠𝜙 − 𝜙

Bestimmung von መ𝑓 ≔ argmin𝑓∈𝐹 𝜐 − 𝑓(𝜉) , 𝐹 beliebig

Shmueli (2010), Sainani (2014)
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Articles

Multisite prediction of 4-week and 52-week treatment 
outcomes in patients with fi rst-episode psychosis: 
a machine learning approach
Nikolaos Koutsouleris, René S Kahn, Adam M Chekroud, Stefan Leucht, Peter Falkai, Thomas Wobrock, Eske M Derks, 
Wolfgang W Fleischhacker, Alkomiet Hasan

Summary
Background At present, no tools exist to estimate objectively the risk of poor treatment outcomes in patients with fi rst-
episode psychosis. Such tools could improve treatment by informing clinical decision-making before the 
commencement of treatment. We tested whether such a tool could be successfully built and validated using routinely 
available, patient-reportable information.

Methods By applying machine learning to data from 334 patients in the European First Episode Schizophrenia 
Trial (EUFEST; International Clinical Trials Registry Platform number, ISRCTN68736636), we developed a tool to 
predict poor versus good treatment outcome (Global Assessment of Functioning [GAF] score ≥65 vs GAF <65, 
respectively) after 4 weeks and 52 weeks of treatment.To enable the unbiased estimation of the predictive system’s 
generalisability to new patients, we used repeated nested cross-validation to prevent information leaking between 
patients used for training and validating the models. In pursuit of everyday clinical applicability, we retrained the 
4-week outcome predictor with only the top ten predictors of the pooled prediction system and then tested this 
tool in 108 independent patients with 4-week outcome labels. Discontinuation and readmission to hospital events 
in patients with predicted poor versus good outcomes were assessed with Kaplan-Meier log-rank analyses, 
whereas generalised linear mixed-eff ects models were used to investigate the GAF-based predictions against 
several clinically meaningful outcome indicators, including treatment adherence, symptom remission, and 
quality of life.

Findings The generalisability of our outcome predictions were estimated with cross-validation (test-fold balanced 
accuracy [BAC] of 75·0% for 4-week outcomes and 73·8% for and 52-week outcomes), and leave-site-out validation 
across 44 European sites (BAC of 72·1% for 4-week outcomes and 71·1% for 52-week outcomes). We identifi ed a 
smaller group of ten predictors still providing a BAC of 71·7% in 108 patients never used for model discovery. 
Unemployment, poor education, functional defi cits, and unmet psychosocial needs predicted both endpoints, 
whereas previous depressive episodes, male sex, and suicidality additionally predicted poor 1-year outcomes. 52-week 
predictions identifi ed patients at risk for symptom persistence, non-adherence to treatment, readmission to hospital 
and poor quality of life. Specifi cally among these patients, amisulpride and olanzapine showed superior effi  cacy 
versus haloperidol, quetiapine, and ziprasidone.

Interpretation Our results suggest that prognostic models operating on brief, patient-reportable pre-treatment data 
might provide useful insight into individualised outcome trajectories, optimising treatment selection, and targeted 
clinical trial designs. To embed these tools into real-world care, replication is needed in external fi rst-episode samples 
with overlapping variables, which are not available in the fi eld at present.

Funding The European Group for Research in Schizophrenia.

Introduction
Despite established pharmacological and psychosocial 
treatments for schizophrenia, up to 50% of initially 
diagnosed patients develop unfavourable disease 
outcomes.1,2 These patients suff er from social exclusion3 
and vocational disability,4 and have an excess mortality of 
up to 25 years.5 Stratifying treatment through the early 
recognition of relevant outcomes might mitigate poor 
disease courses in these patients.6,7 However, despite 
insight into multiple prognostic factors, clinicians still 
lack accurate tools to estimate a patient’s risk of poor 
outcomes in the early course of psychosis.8

Previous group-level studies identifi ed many potential 
outcome predictors, such as sociodemographic factors, 
disease course variables, treatment adherence and 
response, psychiatric comorbidity, and functional and 
cognitive defi cits.9 It is not clear how and which of these 
features should be combined for prediction, whether 
these group-level diff erences can be used to generate 
meaningful predictions for an individual patient, or 
how accurate these predictions might be for patients at 
another treatment site. Furthermore, the term outcome 
is not merely defi ned by symptomatic remission, but 
has to encompass complex concepts such as recovery, 
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The European First Episode Schizophrenia Trial (EUFEST):

Rationale and design of the trial
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Abstract

Background: Most studies comparing second generation antipsychotics with classical neuroleptics have been conducted in

more or less chronic schizophrenia patients. Such studies were usually conducted in highly selected samples, and were generally

designed and financed by the manufacturer of the drug tested. These and other facts have stimulated discussions regarding the

effectiveness of the new generation of antipsychotics.

Aims: The aim of the European First Episode Schizophrenia Trial (EUFEST) is to compare treatment with amisulpride,

quetiapine, olanzapine and ziprasidone to a low dose of haloperidol in an unselected sample of first episode schizophrenia

patients with minimal prior exposure to antipsychotics.

Methods: 500 patients between the ages of 18–40 meeting DSM-IV criteria for schizophrenia, schizoaffective disorder or

schizophreniform disorder are randomly allocated to one year of treatment with one of the drugs under study. The primary

outcome measure is retention in treatment, defined as time to discontinuation of study drug. Loss of retention can be the result

of insufficient clinical effect, or lack of tolerability or acceptance. Secondary measures include changes in different dimensions

0920-9964/$ - see front matter D 2005 Elsevier B.V. All rights reserved.

doi:10.1016/j.schres.2005.06.004

* Corresponding author. Tel.: +43 512 504 23669; fax: +43 512 504 25267.
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the previous year or for 6 weeks or less at any time; and 
no known intolerance or contraindication for one of the 
study drugs. Diagnoses were confi rmed by the Mini-
International Neuropsychiatric Interview (MINI-Plus). 
498 patients gave written informed consent and were 
randomly assigned to an open-label clinical trial 
consisting of fi ve treatment groups: haloperidol 
(n=103), amisulpride (n=104), olanzapine (n=105), 
quetiapine (n=104), and ziprasidone (n=82). All-cause 
study discontinuation occurred in 207 patients because 
of insuffi  cient effi  cacy (n=110), side eff ects (n=38), non-
compliance (n=58), and other reasons (n=1). From this 
subgroup, 144 patients completed the 1-year follow-up 
period, whereas in the continuation group (n=291) 
198 patients fi nished the study. Outcome measures 
were assessed at defi ned timepoints for all patients 
who did not withdraw informed consent or drop out 
for other reasons.17 The trial complied with the 
Declaration of Helsinki and was approved by local 
ethics committees.

Defi nition of outcome targets, predictor variables, and 
analysis cohorts
Global Assessment of Functioning (GAF) scores between 
61 and 70 have been proposed as thresholds between 
disease states and at-risk syndromes,18 indicators of 
clinically relevant functional impairment,19 and markers of 
recovery as part of more complex criteria.20 Based on these 
publications, the patients’ skewed 1-year follow-up GAF 
scores, and the resulting low sensitivity of a dimensional 
prediction model (appendix), we chose a classifi cation 
approach to diff erentiate between so-called good (GAF ≥65) 
and poor (GAF <65) outcome endpoints. An alternative 
GAF threshold of 60 was assessed by the machine learning 
methods described below (appendix).

By following a data-driven, multivariate analysis 
strategy, we deliberately did not pre-select a small set of 
statistically independent predictor variables. Instead, we 
set up a rigorously cross-validated learning strategy that 
autonomously identifi ed the most accurate and 
parsimonious predictor patterns (fi gure 1). We initially 
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Figure 1: Machine learning analysis design
(A) We used nested, repeated cross-validation to train and validate the 4-week and 52-week outcome predictors, consisting of an outer 20-fold cross-validation cycle (CV2), which provided validation 
participants for computing an unbiased estimate of predictor generalisability to new patients, and an inner 4x5-fold cross-validation cycle (CV1), which delivered training participants to the 
multivariate pattern analysis pipeline as well as test participants for feature and parameter optimisation. (B) Generalisability of predictors to new sites was assessed by iteratively  leaving out once  each 
of 44 the EUFEST study sites included in the analysis, training the predictive system as in A and applying the trained predictor to the left-out site. (C) Using the top ten predictive features of the pooled 
4-week outcome classifi er, the prediction system was retrained and then applied to 108 patients, who were excluded from the discovery and cross-validation analyses.

See Online for appendix
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the previous year or for 6 weeks or less at any time; and 
no known intolerance or contraindication for one of the 
study drugs. Diagnoses were confi rmed by the Mini-
International Neuropsychiatric Interview (MINI-Plus). 
498 patients gave written informed consent and were 
randomly assigned to an open-label clinical trial 
consisting of fi ve treatment groups: haloperidol 
(n=103), amisulpride (n=104), olanzapine (n=105), 
quetiapine (n=104), and ziprasidone (n=82). All-cause 
study discontinuation occurred in 207 patients because 
of insuffi  cient effi  cacy (n=110), side eff ects (n=38), non-
compliance (n=58), and other reasons (n=1). From this 
subgroup, 144 patients completed the 1-year follow-up 
period, whereas in the continuation group (n=291) 
198 patients fi nished the study. Outcome measures 
were assessed at defi ned timepoints for all patients 
who did not withdraw informed consent or drop out 
for other reasons.17 The trial complied with the 
Declaration of Helsinki and was approved by local 
ethics committees.

Defi nition of outcome targets, predictor variables, and 
analysis cohorts
Global Assessment of Functioning (GAF) scores between 
61 and 70 have been proposed as thresholds between 
disease states and at-risk syndromes,18 indicators of 
clinically relevant functional impairment,19 and markers of 
recovery as part of more complex criteria.20 Based on these 
publications, the patients’ skewed 1-year follow-up GAF 
scores, and the resulting low sensitivity of a dimensional 
prediction model (appendix), we chose a classifi cation 
approach to diff erentiate between so-called good (GAF ≥65) 
and poor (GAF <65) outcome endpoints. An alternative 
GAF threshold of 60 was assessed by the machine learning 
methods described below (appendix).

By following a data-driven, multivariate analysis 
strategy, we deliberately did not pre-select a small set of 
statistically independent predictor variables. Instead, we 
set up a rigorously cross-validated learning strategy that 
autonomously identifi ed the most accurate and 
parsimonious predictor patterns (fi gure 1). We initially 
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Figure 1: Machine learning analysis design
(A) We used nested, repeated cross-validation to train and validate the 4-week and 52-week outcome predictors, consisting of an outer 20-fold cross-validation cycle (CV2), which provided validation 
participants for computing an unbiased estimate of predictor generalisability to new patients, and an inner 4x5-fold cross-validation cycle (CV1), which delivered training participants to the 
multivariate pattern analysis pipeline as well as test participants for feature and parameter optimisation. (B) Generalisability of predictors to new sites was assessed by iteratively  leaving out once  each 
of 44 the EUFEST study sites included in the analysis, training the predictive system as in A and applying the trained predictor to the left-out site. (C) Using the top ten predictive features of the pooled 
4-week outcome classifi er, the prediction system was retrained and then applied to 108 patients, who were excluded from the discovery and cross-validation analyses.
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Multisite prediction of 4-week and 52-week treatment 
outcomes in patients with fi rst-episode psychosis: 
a machine learning approach
Nikolaos Koutsouleris, René S Kahn, Adam M Chekroud, Stefan Leucht, Peter Falkai, Thomas Wobrock, Eske M Derks, 
Wolfgang W Fleischhacker, Alkomiet Hasan

Summary
Background At present, no tools exist to estimate objectively the risk of poor treatment outcomes in patients with fi rst-
episode psychosis. Such tools could improve treatment by informing clinical decision-making before the 
commencement of treatment. We tested whether such a tool could be successfully built and validated using routinely 
available, patient-reportable information.

Methods By applying machine learning to data from 334 patients in the European First Episode Schizophrenia 
Trial (EUFEST; International Clinical Trials Registry Platform number, ISRCTN68736636), we developed a tool to 
predict poor versus good treatment outcome (Global Assessment of Functioning [GAF] score ≥65 vs GAF <65, 
respectively) after 4 weeks and 52 weeks of treatment.To enable the unbiased estimation of the predictive system’s 
generalisability to new patients, we used repeated nested cross-validation to prevent information leaking between 
patients used for training and validating the models. In pursuit of everyday clinical applicability, we retrained the 
4-week outcome predictor with only the top ten predictors of the pooled prediction system and then tested this 
tool in 108 independent patients with 4-week outcome labels. Discontinuation and readmission to hospital events 
in patients with predicted poor versus good outcomes were assessed with Kaplan-Meier log-rank analyses, 
whereas generalised linear mixed-eff ects models were used to investigate the GAF-based predictions against 
several clinically meaningful outcome indicators, including treatment adherence, symptom remission, and 
quality of life.

Findings The generalisability of our outcome predictions were estimated with cross-validation (test-fold balanced 
accuracy [BAC] of 75·0% for 4-week outcomes and 73·8% for and 52-week outcomes), and leave-site-out validation 
across 44 European sites (BAC of 72·1% for 4-week outcomes and 71·1% for 52-week outcomes). We identifi ed a 
smaller group of ten predictors still providing a BAC of 71·7% in 108 patients never used for model discovery. 
Unemployment, poor education, functional defi cits, and unmet psychosocial needs predicted both endpoints, 
whereas previous depressive episodes, male sex, and suicidality additionally predicted poor 1-year outcomes. 52-week 
predictions identifi ed patients at risk for symptom persistence, non-adherence to treatment, readmission to hospital 
and poor quality of life. Specifi cally among these patients, amisulpride and olanzapine showed superior effi  cacy 
versus haloperidol, quetiapine, and ziprasidone.

Interpretation Our results suggest that prognostic models operating on brief, patient-reportable pre-treatment data 
might provide useful insight into individualised outcome trajectories, optimising treatment selection, and targeted 
clinical trial designs. To embed these tools into real-world care, replication is needed in external fi rst-episode samples 
with overlapping variables, which are not available in the fi eld at present.

Funding The European Group for Research in Schizophrenia.

Introduction
Despite established pharmacological and psychosocial 
treatments for schizophrenia, up to 50% of initially 
diagnosed patients develop unfavourable disease 
outcomes.1,2 These patients suff er from social exclusion3 
and vocational disability,4 and have an excess mortality of 
up to 25 years.5 Stratifying treatment through the early 
recognition of relevant outcomes might mitigate poor 
disease courses in these patients.6,7 However, despite 
insight into multiple prognostic factors, clinicians still 
lack accurate tools to estimate a patient’s risk of poor 
outcomes in the early course of psychosis.8

Previous group-level studies identifi ed many potential 
outcome predictors, such as sociodemographic factors, 
disease course variables, treatment adherence and 
response, psychiatric comorbidity, and functional and 
cognitive defi cits.9 It is not clear how and which of these 
features should be combined for prediction, whether 
these group-level diff erences can be used to generate 
meaningful predictions for an individual patient, or 
how accurate these predictions might be for patients at 
another treatment site. Furthermore, the term outcome 
is not merely defi ned by symptomatic remission, but 
has to encompass complex concepts such as recovery, 
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4-week outcome predictor: pooled cross-validation analyses

RBF-SVM 165 84 26 59 73·7% 76·4% 75·0% 86·4% 58·7% 44·1% 3·1 9·7 2·00 ··

Linear SVM 170 75 35 54 75·9% 68·2% 72·0% 82·9% 58·1% 41·1% 2·4 5·7 2·27 0·724

Univariate LOGREG 197 55 55 27 88·0% 50·0% 69·0% 78·2% 67·1% 45·2% 1·8 3·1 2·64 0·541

Multivariate LOGREG 197 59 51 27 88·0% 53·6% 70·8% 79·4% 68·6% 48·0% 1·9 3·6 2·40 0·589

Decision Trees 197 54 56 27 88·0% 49·1% 68·5% 77·9% 66·7% 44·5% 1·7 3·0 2·70 0·302

4-week outcome predictor: leave-site-out analyses

RBF-SVM (10% of top-ranked features) 147 81 29 77 65·6% 73·6% 69·6% 83·5% 51·3% 34·8% 2·5 6·2 2·55 0·814

RBF-SVM (20%) 152 80 30 72 67·9% 72·7% 70·3% 84·4% 54·7% 39·1% 2·5 6·2 2·46 0·837

RBF-SVM (30%) 151 82 28 73 67·4% 74·5% 71·0% 84·0% 54·8% 38·9% 2·6 7·0 2·38 0·807

RBF-SVM (40%) 158 80 30 66 70·5% 72·7% 71·6% 84·4% 52·9% 37·3% 2·6 6·7 2·31 0·837

RBF-SVM (50%) 157 81 29 67 70·1% 73·6% 71·9% 83·5% 52·6% 36·1% 2·7 7·1 2·29 0·873

RBF-SVM (All selected variables) 156 82 28 68 69·6% 74·5% 72·1% 84·8% 54·7% 39·4% 2·7 7·5 2·26 0·909

4-week outcome predictor: condensed battery (top ten features)

RBF-SVM in 108 new patients 64 13 5 26 71·1% 72·2% 71·7% 92·8% 33·3% 26·1% 2·6 6·6 2·31 ··

52-week outcome predictor: pooled cross-validation analyses

RBF-SVM 52 207 49 26 66·7% 80·9% 73·8% 51·5% 88·8% 40·3% 3·5 12·1 2·10 ··

Linear SVM 49 189 67 29 62·8% 73·8% 68·3% 42·2% 87·7% 28·9% 2·4 5·8 2·73 0·734

Univariate LOGREG 13 241 15 65 16·7% 94·1% 55·4% 46·4% 78·8% 25·2% 2·8 8·1 9·25 0·282

Multivariate LOGREG 18 245 11 60 23·1% 95·7% 59·4% 62·1% 80·3% 42·4% 5·4 28·8 5·32 0·331

Decision trees 27 234 21 51 34·6% 91·8% 63·2% 56·3% 82·1% 38·4% 4·2 17·7 3·79 0·429

52-week outcome predictors: leave-site-out analyses

RBF-SVM (10% of top-ranked features) 49 186 70 29 62·8% 72·7% 67·7% 41·2% 86·5% 27·7% 2·3 5·3 2·82 0·649

RBF-SVM (20%) 52 193 63 26 66·7% 75·4% 71·0% 46·0% 88·2% 34·3% 2·7 7·3 2·38 0·768

RBF-SVM (30%) 51 189 67 27 65·4% 73·8% 69·6% 45·3% 88·5% 33·8% 2·5 6·2 2·55 0·777

RBF-SVM (40%) 53 192 64 25 67·9% 75·0% 71·5% 43·2% 87·5% 30·7% 2·7 7·4 2·33 0·810

RBF-SVM (50%) 52 195 61 26 66·7% 76·2% 71·4% 45·2% 88·1% 33·3% 2·8 7·8 2·33 0·808

RBF-SVM (All selected variables) 50 200 56 28 64·1% 78·1% 71·1% 47·2% 87·7% 34·9% 2·9 8·6 2·37 0·797

Based on the established sensitivity and specifi city nomenclature, we label predicted poor outcomes as positive predictions and predicted good outcomes as negative predictions, hence sensitivity measures the classifi ers’ capacity to correctly identify 
patients with poor outcomes as such. Methodological validation of SVM was done against univariate and L2-regularised multivariate logistic regression models as well as decision tree ensembles in both 4-week and 52-week pooled prediction analyses. 
Prediction performance was further validated in leave-site-out analyses without clinical variable confi nement (all selected variables) as well as with diff erent degrees of top-variable selection (10–50%). An additional validation step was done for the 
pooled 4-week SVM predictor, which was trained on the top ten most predictive features (fi gure 2) and then applied to a cohort of 108 EUFEST patients never included in any analysis procedure.

SVM=support Vector Machine. LOGREG=logistic regression. RBF=non-linear radial basis function kernel. SVM=support vector machine. *κ=Cohen’s kappa measuring predictor agreement between the Pooled SVM and the respective predictor.

Table 2: Validated predictive performance of classifi ers trained on the 4-week and 52-week outcome endpoints 
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Results
After 4 weeks of treatment, 110 (33%) of the patients had 
crossed the good outcome threshold, whereas after 
52 weeks, 256 (77%) had achieved a good outcome 
(table 2). These changes were paralleled by signifi cant 
improve ments across the Clinical Global Impression 
(CGI) scale, Positive and Negative Symptoms 
Scale (PANSS), and Calgary Depression Scale for 
Schizophrenia. The 108 independent test patients did not 
diff er from the discovery and cross-validation cohort in 
terms of sociodemographic, diagnostic, or psycho-
pathological variables. Group differences were detected 
only in the 4-week GAF and CGI measures (p<0·05 
[uncorrected]; table 1).

The pooled non-linear SVMs predicted patients’ 
4-week and 52-week outcomes with cross-validated 
balanced accuracies (BAC) of 75·0% and 73·8%, 
respectively, and thus provided gains in prognostic 
certainty (prognostic summary index equals positive 
predictive value plus negative predictive value minus 100) 
of 45·1% and 40·3% respectively (table 1; see appendix 
for receiver operating characteristic and classifi cation 
plots). Permutation analysis showed that both models 
produced signifi cant predictions (p<0·001). Non-linear 
SVMs outperformed their linear counterparts and were 
clearly superior to univariate and multivariate logistic 
regression or decision tree ensembles, because of 
unbalanced low sensitivity versus high specifi city of the 
latter methods (table 2). Leave-site-out validation showed 
that non-linear SVM generalised well across geo-
graphically distinct study cohorts, with a BAC loss of 
2·9% in the 4-week outcome predictions and a 2·7% 
loss in the 52-week outcome predictions (appendix). 
Similarly, BAC losses induced by restricting the baseline 
battery to the most frequently selected variables ranged 
from 5·4% for 4-week model and 6·1% for 52-week 
model (top 10% features) to 2·9% and 2·4% (top 50% 
features), respectively (table 2). An extremely condensed 
model of 4-week outcomes, restricted to the top ten 
predictive baseline variables (fi gure 2), still achieved a 
BAC of 71·7% in the 108 independent test patients 
(table 2). Finally, a GAF threshold of 60 showed similar 
results to the 65-point cutoff  prediction target (appendix).

Univariate correlations between baseline variables and 
outcome endpoints ranged between ρ=–0·28 and 0·37. 
The most useful predictors of poor 4-week and 52-week 
treatment outcome were unemployment; unmet needs 
in the Camberwell Assessment of Needs (CAN) 
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Figure 2: Composition of predictive variable sets selected by the 4-week (A) 
and 52-week (B) recovery predictors
The features were first ranked according to the selection probability measured 
across all inner-cycle training partitions. Variables ranking among the top 10% of
selected features were marked with red and listed with their selection probability 
(psel) and correlation with the respective outcome endpoint (Spearman’s ρ). 
CAN=Camberwell Assessment of Needs. GAF=Global Assessment of Functioning.
CGI=Clinical Global Impression. MINI=Mini-International Neuropsychiatric
Interview. PANSS=Positive and Negative Symptom Scale.
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which put emphasis on restored functioning to 
comprehensively map therapeutic eff ects.10

Machine learning11 is an analytic approach that is 
particularly well suited to situations like this, where there 
are a wealth of potential baseline predictors and outcomes 
of interest.12 This approach has already generated 
promising fi ndings in neuroimaging-based psychosis 
prediction13 and treatment-response estimation.14 With 
the burgeoning availability of digitised phenotypic data, 
machine learning tools that rely on patient-reportable 
information might ease a much broader, cost-effi  cient 
fi rst-line approach to resolving outcome-related 
heterogeneity before the commencement of treatment.14 
Such tools would have important implications for the 
development of therapeutic interventions by enabling 
personalised treatment selection15 and stratifi ed clinical 
trial designs.16

The clinical translation of such prognostic tools crucially 
depends on the robust predictability of established proxy 
endpoints for clinically relevant outcomes, model 
generalisability across diverse patient cohorts and study 
protocols, and parsimony of predictive batteries providing 
best prognoses at the lowest burden for patients and 
health-care providers. Large multisite treatment databases 
containing prospective phenotypic data of patients with 
fi rst-episode psychosis provide good starting points to 
develop these tools. The European First Episode 
Schizophrenia Trial (EUFEST; International Clinical Trials 
Registry Platform number, ISRCTN68736636) generated 

such a rich database17 and holds the largest real-world data 
set of minimally treated patients with fi rst-episode 
psychosis recruited across 50 European sites and treated 
over 52 weeks in an open-label randomised clinical trial of 
fi ve broadly used antipsychotics.

In this study, we applied, for the fi rst time, machine 
learning to sociodemographic, clinical, and neuro-
cognitive variables of the EUFEST database to assess the 
predictability of clinically important short-term and long-
term outcomes of individual patients, the generalisability 
of prognostic models in patients and study sites never 
before used for training these predictors, and whether 
diff erential antipsychotic treatment effi  cacy exists in 
patients with poor versus good 1-year prognoses.

Methods
Study design and database
In this machine learning approach, we used data from 
EUFEST to predict poor versus good treatment outcome 
in patients with fi rst-episode psychosis. The study 
design has been previously described.17 In summary, 
50 mental-health centres across 14 European countries 
and Israel took part in EUFEST and screened 
1047 patients for study eligibility between Dec 23, 2002, 
and Jan 14, 2006. Patients had to meet the following 
inclusion criteria: age 18–40 years; a DSM-IV diagnosis 
of schizophrenic, schizophreniform, or schizoaff ective 
disorder; onset of positive symptoms within 2 years or 
less; use of antipsychotic drugs for 2 weeks or less in 

Research in context

Evidence before this study
We systematically searched PubMed for all papers published in 
English up to April 7, 2016, using the following search terms 
“(prediction) AND (psychosis OR schizophrenia) AND (machine 
learning OR multivariate pattern analysis OR support vector 
machine)”. We identifi ed 31 unique records, none of which 
presented a thoroughly validated approach to predict the 
treatment outcomes of individual patients with fi rst-episode 
psychosis using broadly accessible clinical baseline data. 
Although many group-level sociodemographic, clinical, and 
neurocognitive variables are known to be moderately 
associated with therapeutic outcomes, it is unclear how and 
which of these variables are eff ectively combined into 
prognostic models so that accurate and generalisable outcome 
predictions can be generated on a case-by-case level. 
Furthermore, how these predictions could inform therapeutic 
decision making so that the right patients receive the most 
appropriate treatments is unknown.

Added value of this study
This the fi rst study to show accurate and generalisable 
individual-patient outcome predictions after 4 and 52 weeks of 
treatment for fi rst-episode psychosis. Our machine learning 
models used only clinical baseline information, particularly 

psychosocial, sociodemographic and psychometric variables, 
and as few as ten questions. Notably, the resulting predictions 
tracked an array of clinically meaningful outcome indicators, 
such as treatment adherence, readmission to hospital, 
functioning, symptom burden, and quality of life, thus 
approximating the more complex phenotype of recovery from 
fi rst-episode psychosis. The present approach might provide a 
more than 40% gain in correctly predicting outcomes across 
geographically distinct health-care settings and patient 
populations. Importantly, our models revealed that the effi  cacy 
diff erences previously found among the fi ve European First 
Episode Schizophrenia Trial antipsychotic treatments, and 
those reported in recent meta-analytic comparisons, might be 
driven by the group of patients with poor prognoses, as 
predicted by our analytical tools.

Implications of all the available evidence
Our study exemplifi es methodological advances crucial to the 
development of reliable outcome prediction models in the 
psychosis fi eld. In this context, the evidence generated by our 
study strongly suggests that measuring individual risk by 
prognostic modelling could inform everyday clinical care as 
well as new clinical trials designs in the era of digital mental 
health. 

Koutsouleris et al. (2016)
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Binärer Klassifikationstrainingdatensatz

Ein binärer Klassifikationsdatensatz

𝒟 ∶= {(𝑥1, 𝑦1), ..., (𝑥𝑛, 𝑦𝑛)} = {(𝑥𝑖, 𝑦𝑖)}𝑛
𝑖=1 (1)

ist eine Menge von 𝑛 Trainingsdatenpunkten

(𝑥𝑖, 𝑦𝑖) mit 𝑥𝑖 ∈ ℝ𝑚 und 𝑦𝑖 ∈ {0, 1} for 𝑖 = 1, ..., 𝑛, (2)

wobei 𝑥𝑖 𝑚-dimensionaler Featurevektor und 𝑦𝑖 Label genannt wird. Üblicherweise
werden die Trainingsdatenpunkte dabei als unabhängige und identische Realisierungen
eines 𝑚 + 1-dimensionalen Zufallsvektors 𝜁 ∶= (𝜉, 𝜐) verstanden.

Bemerkungen

• 𝑦𝑖 ∈ {0, 1} bezeichnet die Klassenzugehörigkeit des Featurevektors 𝑥𝑖 ∈ ℝ𝑚.
• Ein Beispiel für 𝑦𝑖 ist “GAF < 65” (0)” vs. “GAF ≥ 65” (1).
• Beispiele für die 𝑚 Komponenten der 𝑥𝑖 sind Testscores, soziodemographische Daten, …
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Beispiele bivariater Featureplotszenarien

𝑥𝑖 ∈ ℝ2, 𝑦𝑖 ∈ {0, 1}, 𝑖 = 1, ..., 𝑛, • 𝑦𝑖 = 0, • 𝑦𝑖 = 1

𝑥𝑖1
> 1 ⇔ 𝑦𝑖 = 1 𝑥𝑖1

+ 𝑥𝑖2
> 2 ⇔ 𝑦𝑖 = 1 𝑥2

𝑖1
+ 𝑥2

𝑖2
> 2 ⇔ 𝑦𝑖 = 1
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Sprache der prädiktiven Modellierung
Daten Trainingsdaten und Testdaten
Statistisches Modell Modell, Algorithmus, ”Die KI”
Schätzen von Parametern Trainieren des Modells, Lernen, Supervised Learning

Workflow der prädiktiven Modellierung

Featureselektion

• Auswahl von möglichen prädiktiven Variablen
• Dimensionreduktion zur Verringerung des Curse of Dimensionality

Kreuzvalidierung

• Wiederholtes Trainieren und Testen eines Modells an einem Datensatz
• Einsatz zur Modelloptimierung
• Einsatz zur Messung der probabilistischen Assoziation von Featuren und Labeln
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Konfusionsmatrix bei LOO-CV mit binärem Label für (𝑥𝑖, 𝑦𝑖)

Prädiktion

𝑦𝑖 = 0
True Negative

TN

True Positive

TP

False Positive

FP

False Negative

FN

Fall

𝑦𝑖 = 1

𝑓(𝑥𝑖) = 0 𝑓(𝑥𝑖) = 1

Negative

N ≔ TN + FP

Positive

P ≔ FN + TP

Predicted Negative

PN ≔ TN + FN

Predicted Positive

PP ≔ TP + FP

Total

T ≔ N+ P

True Positive = Hit, False Positive = False alarm, True Negative = Correct rejection, False Negative = Miss

Prädiktionsgüte
Accuracy (ACC) = Anzahl richtiger Prädiktionen

Anzahl aller Prädiktionen = TN + TP
T (3)
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Prädiktionsraten mit Bezug zu tatsächlichen Fällen

True Positive Rate (aka Hit Rate, Sensitivity, Detection probability, Recall, Power)

TPR = Anzahl richtiger Positivprädiktionen
Anzahl positiver Fälle = TP

P (4)

False Positive Rate (aka Type I Error Rate, False Alarm Probability, Fall-Out)

FPR = Anzahl falscher Positivprädiktionen
Anzahl negativer Fälle = FP

N (5)

True Negative Rate (aka Specificity, Selectivity)

TNR = Anzahl richtiger Negativprädiktionen
Anzahl negativer Fälle = TN

N (6)

False Negative Rate (aka Type II Error Rate, Miss Rate)

FNR = Anzahl falscher Negativprädiktionen
Anzahl positiver Fälle = FN

P (7)
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Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

Prädiktion

𝑦𝑖 = 0
True Negative

TN = 165

True Positive

TP = 84

False Positive

FP = 26

False Negative

FN = 59

Fall

𝑦𝑖 = 1

𝑓(𝑥𝑖) = 0 𝑓(𝑥𝑖) = 1

Negative

N = 191

Positive

P = 143

Predicted Negative

PN = 224

Predicted Positive

PP = 110

Total

T = 334

Prädiktionsgüte

Accuracy (ACC) = Anzahl richtiger Prädiktionen
Anzahl aller Prädiktionen = TN + TP

T = 165 + 84
334 = 74.6% (8)
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Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

True Positive Rate (aka Hit Rate, Sensitivity, Detection probability, Recall, Power)

TPR = Anzahl richtiger Positivprädiktionen
Anzahl positiver Fälle = TP

P = 84
143 = 58.7% (9)

False Positive Rate (aka Type I Error Rate, False Alarm Probability, Fall-Out)

FPR = Anzahl falscher Positivprädiktionen
Anzahl negativer Fälle = FP

N = 26
191 = 13.6% (10)

True Negative Rate (aka Specificity, Selectivity)

TNR = Anzahl richtiger Negativprädiktionen
Anzahl negativer Fälle = TN

N = 165
191 = 86.4% (11)

False Negative Rate (aka Type II Error Rate, Miss Rate)

FNR = Anzahl falscher Negativprädiktionen
Anzahl positiver Fälle = FN

P = 59
143 = 41.3% (12)
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Prädiktionsraten mit Bezug zu Prädiktionsanzahlen

Positive Predictive Value / Precision

PPV = Anzahl richtiger Positivprädiktionen
Anzahl positiver Prädiktionen = TP

PP (13)

False Discovery Rate

FDR = Anzahl falscher Positivprädiktionen
Anzahl positiver Prädiktionen = FP

PP (14)

Negative Predictive Value

NPV = Anzahl richtiger Negativprädiktionen
Anzahl negativer Prädiktionen = TN

PN (15)

False Omission Rate

NPV = Anzahl falscher Negativprädiktionen
Anzahl negativer Prädiktionen = FN

PN (16)
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Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

Positive Predictive Value / Precision

PPV = Anzahl richtiger Positivprädiktionen
Anzahl positiver Prädiktionen = TP

PP = 84
110 = 76.4% (17)

False Discovery Rate

FDR = Anzahl falscher Positivprädiktionen
Anzahl positiver Prädiktionen = FP

PP = 26
110 = 23.6% (18)

Negative Predictive Value

NPV = Anzahl richtiger Negativprädiktionen
Anzahl negativer Prädiktionen = TN

PN = 165
224 = 73.7% (19)

False Omission Rate

NPV = Anzahl falscher Negativprädiktionen
Anzahl negativer Prädiktionen = FN

PN = 59
224 = 26.3% (20)
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Balanced Accuracy
Bei ungleichen Verhältnissen von Fallzahlen ist Accuracy (ACC) leicht missverständlich

Seien bspw. N = 95 und P = 5 und alle Prädiktionen negativ. Dann gilt

ACC = TN + TP
T = 95 + 0

100 = 95% (21)

Die Balanced Accuracy ist der Mittelwert der True Positive Rate und der True Negative Rate

Balanced Accuracy (BAC) = TPR + TNR
2 (22)

Seien N = 95 und P = 5 und alle Prädiktionen negativ. Dann gilt

TPR = TP
P = 0

5 = 0%, TNR = TN
N = 95

95 = 100%, BAC = TPR + TNR
2 = 0% + 100%

2 = 50%

Seien N = 95 und P = 5 und alle Negativprädiktionen und alle Positivprädiktionen richtig. Dann gilt

TPR = TP
P = 5

5 = 100%, TNR = TN
N = 95

95 = 100%, BAC = TPR + TNR
2 = 100% + 100%

2 = 100%

Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

BAC = TPR + TNR
2 = 58.7% + 86.4%

2 = 72.6% (23)
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F1 Score

F1 Score ist ein integriertes Maß von Precision und Recall aus der Information Retrieval Literatur

Precision = TP
PP = PPV Recall = TP

P = TPR (24)

Es gilt
F1 Score = 2 ⋅ Precision ⋅ Recall

Precision + Recall (25)

Der F1 Score ist groß, wenn sowohl Precision als auch Recall groß sind.
F1 Score
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Ist Precision oder Recall oder beide gering, so ist der F1 Score niedrig

Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

F1 = 2 ⋅ 76.4% ⋅ 58.7%
76.4% + 58.7% = 66.4% (26)
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Selbstkontrollfragen

1. Erläutern Sie die Rhetorik der Prädiktiven Modellierung.

2. Erläutern Sie Unterschiede und Gemeinsamkeiten der explanatorischen und prädiktiven Modellierung.

3. Erläutern Sie die Idee der Leave-One-Out-Crossvalidation (LOO-CV).

4. Erläutern und definieren Sie die Konfusionsmatrix bei LOO-CV mit binärem Label.

5. Geben Sie die Definitionen von True/False Positive Rate und True/False Negative Rate wieder.

6. Geben Sie die Definitionen von Positive/Negative Prediction Value und False Discovery/Omission Rate wieder.

7. Erläutern und definieren Sie den Begriff der Balanced Accuracy.
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