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Unbekannt Modellanwendung Pradiktion

Dwyer, Falkai, and Koutsouleris (2018) Annual Reviews of Clinical Psychology
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Dwyer, Falkai, and Koutsouleris (2018) Annual Reviews of Clinical Psychology
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Leave-One-Out-Crossvalidation (LOO-CV)

Gesamter Datensatz EE1 EE2 EE3 EE4 EES EEn

Trainingsdaten . Testdaten
Cross Fold 1/n . EE2 EE3 EE4 EES EEn
Cross Fold 2/n EE1 . EE3  EE4  EES EEn
Cross Fold 3/n EE1 EE2 . EE4 EES EEn
Cross Fold 4/n EE1  EE2  EE3 . EES EEn
Cross Fold 5/n EE1 EE2 EE3 EE4 . EEn

Cross Fold n/n EE1 EE2 EE3 EE4 EES .

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

Vgl. Stone (1974)
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TRENDS in Cognitive Sciences

Norman et al. (2006) Trends in Cognitive Science

Multivariate Verfahren | © 2025 Dirk Ostwald CC BY 4.0 | Folie 15



Rhetorik

Explanatorische Modellierung < Grundlagenforschung

Bestimmung von ¢ := argmin||¢ — ¢||

Beobachtbare Unbeobachtbare Beobachtbare
§ — ) —
unabhingige Variablen wahre Funktion abhingige Variablen

Bestimmung von f = argminger|lv — f(€), F beliebig

Pradiktive Modellierung & Anwendungsorientierte Forschung

Shmueli (2010), Sainani (2014)
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Multisite prediction of 4-week and 52-week treatment
outcomes in patients with first-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 pallents with first-
episode psychosis. Such tools could improve by i ing clinical decisi g before the

commencement of treatment. We tested whether such a tool could be successfully built and validated usmg 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, ISRCTNG68736636), 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 To enable the unbi imation 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-effects models were used to investigate the GAF-based predictions against
several clinically meaningful outcome indicators, including treatment adherence, symptom remission, and
quality of life.

Koutsouleris et al. (2016)
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Available online at www.sciencedirect.com

scrence (Fhomecr: SCHIZOPHRENIA
RESEARCH

Schizophrenia Research 78 (2005) 147156 —_—
www.elsevier.com/locate/schres

The European First Episode Schizophrenia Trial (EUFEST):
Rationale and design of the trial

W. Wolfgang Fleischhacker **, Ireneus P.M. Keet ®, René S. Kahn ®

EUFEST Steering Committee '

*Department of Biological Psychiairy, Medical University Innsbruck, Anichirasse 35, A-6020 Innsbruck, Austria
“Department of Psyehiay, Rudolf Magnus Insitute of Neuroscience, University Medical Center Utrecht, The Netherlands
Received 12 May 2005; received in revised form 2 June 2005; accepted 3 June 2005
Available online 1 August 2005

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 antipsychoti
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.

Fleischhacker, Keet, and Kahn (2005)
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Predictor variables and outcome target

Definition 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 atrisk syndromes,”* indicators of
clinically relevant functional impairment,” and markers of
recovery as part of more complex criteria.”” Based on these
publications, the patients’ skewed 1l-year follow-up GAF
scores, and the resulting low sensitivity of a dimensional
prediction model (appendix), we chose a classification
approach to differentiate 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 identified the most accurate and
parsimonious predictor patterns (figure 1). We initially
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Predictor variables and outcome target
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Predictor variables and outcome target
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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 identified 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 deficits, and unmet psychosocial needs predicted both endpoints,
whereas previous depressive episodes, male sex, and suicidality additionally predicted poor 1-year outcomes. 52-week
predictions identified patients at risk for symptom persistence, non-adherence to treatment, readmission to hospital
and poor quality of life. Specifically among these patients, amisulpride and olanzapine showed superior efficacy
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 first-episode samples
with overlapping variables, which are not available in the field at present.

Koutsouleris et al. (2016)
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Tve Sensitvity  Specificity Balanced Prognostic Positive  Diagnostic Number- K"
negatives negatives accuracy ive summary likelihood oddsatio  needed-
valve  valve  index  ratio to-
diagnose
REFSVM 165 8 2% 59 BIM 764%  750%  864%  S87%  441% 31 97 200
Linear SV 70 75 35 54 759%  6Ba%  720%  B29% 58I 411% 24 57 227 0724
Univariate LOGREG 197 55 55 27 880%  S00%  690%  7B2%  671%  452% 18 31 266 osa1
Mulivariate LOGREG 197 59 51 7 880w 536w 708%  7o4% 686w 480% 19 36 240 ossg
DecisionTrees 197 54 56 27 880w  491%  685%  779%  667% 445w 17 30 270 0302
4-week outcome predictor: eave-site-out analyses
RBF-SVM (10% of top-ranked features) 147 81 2 7 656%  736%  696%  BISK 5L 348% 25 62 255 0814
RBF-SVM (20%) 152 80 30 7 629%  727%  703%  844%  S47% 391% 25 62 246 o8y
RBF-SVM (30%) 151 8 8 ) 624%  745%  710%  840%  54B%  389% 26 70 238 o807
RBF-SVM (40%) 18 8 30 66 705%  77% 716%  84d%  S20% 33w 26 67 23 0837
RBF-SVM (50%) 157 81 2 6 Jo1%  736%  719%  B3S%  Su6%  361% 27 7 229 o8
RBF-SVM (Al selected variables) 156 8 8 68 696%  as% 2% 848%  S47%  394% 27 75 226 o909
RBF-SVM in 108 new patients 64 13 5 2% 7% ;2% e 8% I 261% 26 66 231
REFSVM s 207 a9 % 667%  Boo%  738%  sis% 888k 403w 35 w1 210
Linear M 4 1 & 2 628% 78 683% 4% &7% 2B 24 58 273 0734
Univarate LOGREG FER ) 15 65 167% 941 Ssa4% 464w 788%  252% 28 81 925 0282
Mulivariate LOGREG 18 s 1 60 2% 957TH S94%  621%  B03% 424w 54 288 52 0331
Decisiontrees 7 2 51 346%  918%  632%  S63%  B2% 384w 2 w7 379 0429
52-week outcome predictors: eave-site-out analyses.
RBF-SVM (10% of top-ranked features) 4 186 7 2 6285 n7%  677%  a12% 86s% 77 23 53 28 0649
RBF-SVM (20%) 2 6 % 667%  75a%  TLO%  460%  B82%  343% 27 7 238 o768
RBF-SVM (30%) s 189 &7 7 654 73B%  696%  4s3%  BBs% 338 25 62 255 o777
RBE-SVM (40%) s W 61 % G79%  750%  7SE 4 &s% 307% 27 74 233 0810
RBF-SVM (50%) £ 1 61 % 667%  762%  TLa%  452%  BBI% 33w 28 78 233 0808
RBF-SVM (Al selected vriables) s 200 56 28 641%  78I%  TLI%  472%  &77%  349% 29 86 237 0797

Koutsouleris et al. (2016)
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104
10% of most frequently selected features psel P
0.9+ Present occupation 1.00 026
CAN 48: daytime activities (staff) 100 026
CAN 88: psychological distress (staff) 100 -019
08 CAN 138: company (staff) 100  -028
CAN 210: money (staff) 100 025
GAF at baseline 100 037
074 CAN 132: company (user) 096 -026
CGlat baseline 093 -027
CAN 204: money (user) 077 -024
CAN sum of no-need items 064 025
06 Education of mother 045 -0.02
2 Educational years 045 004
£ Haloperidol treatment 041 -011
2 054 CAN sum of unmet-need items 040 -029
= CAN 78: information (staff) 033 -015
g MINI 35: psychotic disorder 031 -0.05
2 04 CAN 1: accomodation (user) 027 -024
v CAN 159: sexual expression (staff) 025 -018
034
02
014

Koutsouleris et al. (2016)
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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 identified 31 unique records, none of which
presented a thoroughly validated approach to predict the
treatment outcomes of individual patients with first-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 effectively 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 first study to show accurate and generalisable
individual-patient outcome predictions after 4 and 52 weeks of
treatment for first-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
first-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 efficacy
differences previously found among the five 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 exemplifies methodological advances crucial to the
development of reliable outcome prediction models in the
psychosis field. 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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Binarer Klassifikationstrainingdatensatz

Ein bindrer Klassifikationsdatensatz
D= {(@1,91)s - (@, )} = {(i5 45) a (1)
ist eine Menge von n Trainingsdatenpunkten
(x;,y;) mit z; € R™ und y; € {0,1} for i =1,...,n, (2)

wobei z; m-dimensionaler Featurevektor und y; Label genannt wird. Ublicherweise
werden die Trainingsdatenpunkte dabei als unabhangige und identische Realisierungen

eines m + 1-dimensionalen Zufallsvektors ¢ := (£, v) verstanden.

Bemerkungen

® y; € {0,1} bezeichnet die Klassenzugehérigkeit des Featurevektors z; € R™.
® Ein Beispiel fiir y; ist “GAF < 65" (0)"” vs. “GAF > 65" (1).

® Beispiele fiir die m Komponenten der z; sind Testscores, soziodemographische Daten, ..
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Beispiele bivariater Featureplotszenarien

z, €R%y;, €{0,1},i=1,..,n, ey, =0,

z, >1ley =1 T, ta, >20y =1 x? +x?2>2©yi:1

00 05 10 15 20 00 05 1.0 15 20
X1 X1

Multivariate Verfahren | © 2025 Dirk Ostwald CC BY 4.0 | Folie 31



Performanzmetriken

Sprache der pradiktiven Modellierung

Daten Trainingsdaten und Testdaten

Statistisches Modell Modell, Algorithmus, "Die KI”

Schatzen von Parametern  Trainieren des Modells, Lernen, Supervised Learning
Workflow der pradiktiven Modellierung

Featureselektion

® Auswahl von moglichen pradiktiven 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 bindrem Label fir (z;,y;)
Pradiktion

f(x) =0 fle)=1

True Negative False Positive Negative
yi=0 ™ FP N := TN + FP
Fall
False Negative True Positive Positive
yi=1 FN TP P := FN + TP
Predicted Negative | Predicted Positive Total
PN := TN + FN PP := TP + FP T=N+P

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

Pradiktionsgiite

Anzahl richtiger Pradiktionen TN+ TP
A ACC) = - 3
ceuracy (ACC) = — . Fl aller Pradiktionen T ©)
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Pradiktionsraten mit Bezug zu tatsichlichen Féllen

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

Anzahl richtiger Positivpradiktionen TP

TPR = =
Anzahl positiver Falle P

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

Anzahl falscher Positivpradiktionen — FP

FPR = =
Anzahl negativer Fille N

True Negative Rate (aka Specificity, Selectivity)

Anzahl richtiger Negativpradiktionen TN

TNR = -

Anzahl negativer Fille N

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

ENR — Anzahl falscher Negativpradiktionen — FN
N Anzahl positiver Fille - P
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Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)

Pradiktion

f(x) =0 flx) =1
True Negative False Positive Negative
yi=0 TN = 165 FP =26 N =191

Fall
1 False Negative True Positive Positive
yi= FN = 59 TP = 84 P =143
Predicted Negative | Predicted Positive Total

PN = 224 PP =110 T =334

Pradiktionsgiite

Anzahl richtiger Pradiktionen ~ TN + TP _ 165 + 84 — TA6% )

A ACC) = =
ceuracy ( ) Anzahl aller Pradiktionen T 334
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Performanzmetriken

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

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

Anzahl richtiger Positivpradiktionen E _ ﬁ

= =58.7 9
Anzahl positiver Falle P 143 % ©)

TPR =

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

Anzahl falscher Positivpradiktionen FP 26
FPR = = =~ =136 10
Anzahl negativer Fille N 191 % (10)

True Negative Rate (aka Specificity, Selectivity)

Anzahl richtiger Negativpradiktionen ~ TN 165
TNR = = — =—=2864 11
Anzahl negativer Fille N 191 % (11)

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

Anzahl falscher Negativpradiktionen  FN 59 —41.3% (12)

FNR = = — =
Anzahl positiver Falle P 143
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Performanzmetriken

Pradiktionsraten mit Bezug zu Préadiktionsanzahlen
Positive Predictive Value / Precision

PPV — Anzahl richtig?r. Positi\‘{pn.'éid.iktionen _ LP (13)
Anzahl positiver Pradiktionen PP

False Discovery Rate

Anzahl falscher Positivpradiktionen — FP

FDR = Anzahl positiver Pradiktionen ~ PP (14)
Negative Predictive Value
NPV — Anzahl richtiger .Negatti.réci'iktionen _ m (15)
Anzahl negativer Pradiktionen PN
False Omission Rate
NPV — Anzahl falscher Negativpradiktionen _ m (16)

Anzahl negativer Pradiktionen PN

Multivariate Verfahren | © 2025 Dirk Ostwald CC BY 4.0 | Folie 37



Performanzmetriken

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

Positive Predictive Value / Precision

Anzahl richtiger Positivpradiktionen =~ TP 84
PPV = =_—=— ="764% 17
Anzahl positiver Pradiktionen PP 110 76.4% (7

False Discovery Rate

Anzahl falscher Positivpradiktionen FP 26

FDR = Anzahl positiver Pradiktionen PP 110 23.6% (18)
Negative Predictive Value
NPV — Anzahl richtiger .Negatiyp.r'éd.iktionen _ m _ @ —73.7% (19)
Anzahl negativer Pradiktionen PN 224
False Omission Rate
NPV — Anzahl falscher Negativpradiktionen — FN 59 — 96.3% (20)

Anzahl negativer Pradiktionen T PN 224

Multivariate Verfahren | © 2025 Dirk Ostwald CC BY 4.0 | Folie 38



Performanzmetriken

Balanced Accuracy
Bei ungleichen Verhéltnissen von Fallzahlen ist Accuracy (ACC) leicht missverstindlich

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

TN+TP 9540

ACC = =
T 100

=95% (21)

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

TPR+TNR
Balanced Accuracy (BAC) = — (22)
Seien N =95 und P = 5 und alle Pradiktionen negativ. Dann gilt
TP N 5 TPR+TNR 0% + 100%
TPR:—:QZO%, TNR:—:Q—O:M)O%, BAC = + :0/0+ 00/0:50%
P 5 N 95 2 2
Seien N =95 und P = 5 und alle Negativpradiktionen und alle Positivpradiktionen richtig. Dann gilt
TP 5 TN 95 TPR+TNR  100% + 100%
TPR= — = - =100%, TNR= —=— =1 , BAC= = =1
3 5 00%, N 95 00% C 3 3 00%
Beispiel (Koutsouleris et al. (2016), Table 1, 4-week outcome prediction, RBF-SVM)
TPR+ TNR 58.7% + 86.4%
BAC = = 2 2 = 72.6% (23)

2 2
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Performanzmetriken

F1 Score

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

TP TP
Precision = —— = PPV Recall = — = TPR 24
recision = 55 eca B (24)

Es gilt
Precision - Recall
F1S =2 — 25
core Precision + Recall (25)

Der F1 Score ist groB, wenn sowohl Precision als auch Recall groB sind.

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)

76.4% - 58.7%

L T = 9
76.4% 1 5870 004 (26)

F1=2
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Rhetorik

Anwendungsbeispiel

Performanzmetriken

Selbstkontrollfragen
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Selbstkontrollfragen

1. Erlautern Sie die Rhetorik der Pradiktiven Modellierung.

2. Erlautern Sie Unterschiede und Gemeinsamkeiten der explanatorischen und pradiktiven Modellierung.

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

4. Erlautern und definieren Sie die Konfusionsmatrix bei LOO-CV mit bindrem 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. Erlautern und definieren Sie den Begriff der Balanced Accuracy.
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