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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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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.
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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,
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Prädiktive Modellierung und Maschinelles Lernen

Definition (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 Train-
ingsdatenpunkte dabei als unabhängige und identische Realisierungen eines Zufallsvektors 𝑚 + 1-
dimensionalen Zufallsvektors 𝜁 ∶= (𝜉, 𝜐) verstanden.

Bemerkungen

• 𝑦𝑖 ∈ {0, 1} bezeichnet die Klassenzugehörigkeit des Featurevektors 𝑥𝑖 ∈ ℝ𝑚.
• Ein Beispiel für 𝑦𝑖 ist “Kein Therapieerfolg” (0)” vs. “Therapieerfolg” (1).
• Beispiele für die 𝑚 Komponenten der 𝑥𝑖 sind Testscores, Biomarker, 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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Prädiktive Modellierung und Maschinelles Lernen

Anwendung der prädiktiven Modellierung

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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Kreuzvalidierung

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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Kreuzvalidierung

Leave-One-Out-Crossvalidation (LOOCV) bei 𝑛 experimentellen Einheiten (EE)

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
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Kreuzvalidierung

Konfusionsmatrix bei LOOCV mit binärem Label für Testendatenpunkt (𝑥𝑖, 𝑦𝑖)

Prädiktion

𝑦𝑖 = 0
Richtig Negativ

𝑟𝑛

Richtig Positiv

𝑟𝑝

Falsch Positiv

𝑓𝑝

Falsch Negativ

𝑓𝑛

Fall

𝑦𝑖 = 1

𝑓(𝑥𝑖) = 0 𝑓(𝑥𝑖) = 1

Gesamt Negativ

𝑟𝑛 + 𝑓𝑝

Gesamt Positiv

𝑓𝑛 + 𝑟𝑝

Negative Prädiktion

𝑟𝑛 + 𝑓𝑛

Positive Prädiktion

𝑓𝑝 + 𝑟𝑝

Exemplarische Performanzmaße bei LOOCV mit binärem Label

• Akkuratheit (Accuracy)

ACC = Anzahl richtiger Prädiktionen
Anzahl aller Prädiktionen = 𝑟𝑛 + 𝑟𝑝

𝑟𝑛 + 𝑟𝑝 + 𝑓𝑛 + 𝑓𝑝
(3)

• Sensitivität (Richtig-positiv-Rate, True Positive Rate, Recall, Hit Rate)

SEN = Anzahl richtiger Positivprädiktionen
Anzahl positiver Fälle = 𝑟𝑝

𝑟𝑝 + 𝑓𝑛
(4)

• Spezifität (Richtig-negativ-Rate, True Negative Rate, Correct Rejection Rate)

SPE = Anzahl richtiger Negativprädiktionen
Anzahl negativer Fälle = 𝑟𝑛

𝑟𝑛 + 𝑓𝑝
(5)
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Kreuzvalidierung
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Selbstkontrollfragen

1. Erläutern Sie die Rhetorik der Prädiktiven Modellierung.

2. Geben Sie die Definition eines binären Klassifikationstrainingdatensatzes wieder.

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

4. Erläutern Sie die Idee der Leave-One-Out-Crossvalidation (LOOCV).

5. Erläutern Sie die Konfusionsmatrix bei LOOCV mit binärem Label.

6. Geben Sie die Definitionen von Akkuratheit, Sensitivität und Spezifität bei LOOCV wieder.
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