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Parsing structured variation using From group effects to individual predictions
normative models

Combining multimodal data for an integrated perspective
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4 Normative model
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Modelling non-Gaussianity
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Modelling non-Gaussianity
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Modelling non-Gaussianity
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Modelling non-Gaussianity ( r
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From group effects to individual predictions
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Predicts schizophrenia diagnosis more accurately than the raw data

/
\Z

Accuracy = 87% Accuracy = 43%

RESEARCH NETWORI

FOR NELIRODIAGNOSTIC DISCOVERY

UNIVERSITY OF

MICHIGAN

Only normative deviations were associated with treatment response

E Subcortical deviations and TR

L Lateral ventricle R Caudate Putamen Ventral DC
Putamen Putamen 120 120 120+
100 \ 100 100
Thalamus < 80/ - atnt e . 8 < 804
g R = g
£ 604 : 2 60 £ 604
2 S 2
2 S 2
£ 40 s g 404 £ 40
: = = =
Amygdala ““Ventral DC Amygdala £ 20 oL e g 20 £ 201
. . . . . 3 = 3 s
Inferior lateral ventricle  Hippocampus Inferior lateral ventricle =0 E 0 =0
201 s 204 s 204
-40 T T T T T 1 40— T T T 1 -40 T T T T T T ]
3 2 a1 0 1 2 3 5 4 3 2 -1 0 1 2 3 4 3 2 -1 0 1 2 3 a4
z Value z Value z Value

LM THE UNIVERSITY OF
ALABAMA AT BIRMINGHAM. Rutherford et al 2023; Remiszewski et al 2023



Modelling longitudinal change
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Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change

1 High centile

Centile crossing ~  ____o—e—c-====="

Centile tracking
o=V2-—2r

v

0@
e o=+1-12
2 “Z gain”

Bayer et al 2026




Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change
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Sensitive detection of longitudinal change
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The science of extremes
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The science of extremes
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The science of extremes
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The science of extremes
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Imaging genetics at N=1
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Monitoring behaviour
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Monitoring behaviour
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Monitoring behaviour , , o
Sensor timeseries (social withdrawal)
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Monitoring behaviour
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Monitoring behaviour
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Monitoring behaviour A
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Monitoring behaviour
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Monitoring behaviour
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Monitoring behaviour

Homogeneous model
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Monitoring behaviour
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Summary
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Normative models are promising to
parse variation in big data cohorts

Psychopathology can be reconceptualized as
extreme deviations for inference at N=|
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