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Brain-phenotype models fail for individuals
who defy sample stereotypes

- Predictive modeling to relate brain to phenotype
- Questioning the generalizability assumption

- In whom do models fail, and why?
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How to relate FC to cognition
and behavior?
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CPM can predict a wide
range of phenotypes
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CPM can predict a wide
range of phenotypes
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CPM can predict a wide
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Anxiety Anhedonia

Growing interest in predictive modeling of
brain-phenotype relationships

nature

Resting-state connectivity biomarkers define medicine
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Brain-phenotype models fail for individuals
who defy sample stereotypes

- Predictive modeling to relate brain to phenotype
- Questioning the generalizability assumption

- In whom do models fail, and why?
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A sample to study failures of
generalizability

- Aim: To build task FC-based predictive models of

cognitive and behavioral phenotypes across a wide
range of function

* Approach:

Large (n = 194 and growing...), heterogeneous sample

Construct 1 Construct 2
| |
In-scanner task battery | |

Phenotype In-scanner Phenotype In-scanner
task task

. Out-of-scanner battery of phenotype measures ~ ©9RDoC

Research Domain Criteria Initiative




In-scanner task battery Post-scan battery

A sample to study failures of
generalizability

Task

RDoC Domain

RDoC Construct

Card Guessing Task
N-Back Task
Stop-Signal Task

Reading the Mind in the
Eyes Task

Perceptual Task (movie
watching)

Sustained Attention
Task

Positive valence
Cognitive systems
Cognitive systems
Social processes
Cognitive systems

Cognitive systems

Reward responsiveness
Working memory
Cognitive control

Perception and
understanding of others

Perception

Attention



In-scanner task battery Post-scan battery

A sample to study failures of

generalizability

Measure Subtests RDoC RDoC Measure Subtests RDoC RDoC
Domain Construct Domain  Construct
Demographics N/A N/A N/A Wechsler Intelligence Letter-Number Cognitive Working memory
questionnaire Scales (WISC/WAIS)  Sequencing systems
Handedness N/A N/A N/A Symbol Search Cognitive Attention,
inventory systems Perception
Interpersonal N/A Social processes Perception and Cancellation Cognitive Attention,
Reactivity Index understanding of systems Perception
others Coding Cognitive Attention,
Perceived Stress N/A N/A N/A systems Perception
Scale vaet;:hsl_ert A Seale of Vocabulary Cogt;nmve Language
Positive and N/A Positive valence Reward Int eIrI(ieg\jl (l,?]c?e cale o Systems
Negative Affect responsiveness Matrix Reasoning  N/A N/A
Schedule . . . — :
_ Wide Range Finger Windows Cognitive Working memory
Pittsburgh Sleep N/A Arousal and Sleep-wakefulness Assessment of systems
Quality Index regulatory Memory and
systems Learning
Temperament N/A N/A N/A List Learning Cognitive Working memory,
questionnaire systems Declarative
Task N/A N/A N/A memory
strategy/difficulty Wide Range Reading N/A N/A
questionnaire Achievement Test
Delis-Kaplan Verbal Fluency ~ Cognitive Language Behavior Rating N/A Cognitive Cognitive control
Executive Function systems Inventory of systems
Scale Executive Function
Trail Making Cognitive Attention, Boston Naming Test  N/A gyos?gr'g\ée Language
systems Perception Brief Symptom N/A N/A N/A
Color-Word Cognitive Cognitive control Inventory
Interterence  systems Mini-International  N/A N/A N/A
Twenty Social processes Social Neuropsychiatric
Questions communication Interview




Can we predict phenotype In
these data, and in whom?
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Validating misclassifications: Do
models generalize across datasets?

UCLA

How well does each model perform?



Models and “classification status”™
generalize across datasets
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Brain-phenotype models fail for individuals
who defy sample stereotypes

- Predictive modeling to relate brain to phenotype
- Questioning the generalizability assumption

- In whom do models fail, and why?

One model does not fit all: model failure Is reliable,
phenotype-specific, and generalizable across datasets.
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Misclassification frequency
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Who are the misclassified
participants?

Those Who defy stereotyplcal profiles
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Brain-phenotype models fail for individuals
who defy sample stereotypes

- Predictive modeling to relate brain to phenotype
- Questioning the generalizability assumption

- In whom do models fail, and why?

Brain-phenotype models predict stereotypical profiles, and fall
for individuals who defy these profiles.




| ooking forward: what can we
learn from prediction?

- 09 |-02| 03| 0.7 |-06
0.9 - -0.7 1 0.8 -04 01
-0.2  -0.7 . 0.1  -0.1 0.6 +
0.3 0.8 0.1 - 0.8 -0.2
0.r -04 -01 08 - 0.3
-06 01 06  -02 03 .




Thank you!
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Model performance and misclassification
frequency are robust to analysis approach
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Model performance and misclassification
frequency are robust to analysis approach

_...Relationship to mean residualized prediction deviation

Sex P>0.1
Age rs=-0.38, Pror< 0.0001
Race mediangg.w = -0.78, Prpor= 0.0005
Symptom severity P>0.1
Education rs=0.29, Pror = 0.003
Stress P> 0.1
PSQl P> 0.1
Positive affect P>0.1
Negative affect P> 0.1
Rx P>0.1
Dx P> 0.1
PC1 score rs= 0.30, Prpr = 0.007
PC2 score rs=-0.20, Prpr= 0.11
PC3 score rs=-0.17, P=0.09

Mean motion rs=-0.39, Prpr < 0.0001
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