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• 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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Connectome-based predictive modeling can 

predict a wide range of phenotypes from FC
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CPM can predict a wide 

range of phenotypes
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CPM can predict a wide 

range of phenotypes

- Lake et al. (2019)

- Rosenberg et al. (2015)

- Finn, Shen et al. (2015)

- Noble et al. (2017)

- Dubois et al. (2017)

- Greene et al. (2018)

gF

Attention
(d’, ADHD symptoms)

Autism symptoms
(SRS, ADOS scores)

Participant

1

2

n-1

FC Personality
(Neuroticism, extraversion)

34

26

17

0.9 -0.2 0.3 0.7 -0.6

0.9 -0.7 0.8 -0.4 0.1

-0.2 -0.7 0.1 -0.1 0.6

0.3 0.8 0.1 0.8 -0.2

0.7 -0.4 -0.1 0.8 0.3

-0.6 0.1 0.6 -0.2 0.3

0.8 -0.4 0.7 0.2 -0.3

0.8 0.1 0.6 -0.2 0.3

-0.4 0.1 0.2 0.3 0.9

0.7 0.6 0.2 0.3 -0.6

0.2 -0.2 0.3 0.3 0.1

-0.3 0.3 0.9 -0.6 0.1

0.7 -0.5 0.1 0.6 -0.4

0.7 0.2 0.3 -0.7 0.3

-0.5 0.2 0.2 0.2 0.3

0.1 0.3 0.2 0.6 -0.4

0.6 -0.7 0.2 0.6 0.2

-0.4 0.3 0.3 -0.4 0.2

… ……



CPM can predict a wide 

range of phenotypes

- Rosenberg et al. (2015)

- Finn, Shen et al. (2015)

- Noble et al. (2017)

- Dubois et al. (2017)

- Greene et al. (2018)

gF

Attention
(d’, ADHD symptoms)

Participant

1

2

n-1

FC Creative ability
(Divergent thinking)

1.2

-0.3

2.7

Personality
(Neuroticism, extraversion)

- Hsu et al. (2017)

- Lake et al. (2019)

Autism symptoms
(SRS, ADOS scores)

0.9 -0.2 0.3 0.7 -0.6

0.9 -0.7 0.8 -0.4 0.1

-0.2 -0.7 0.1 -0.1 0.6

0.3 0.8 0.1 0.8 -0.2

0.7 -0.4 -0.1 0.8 0.3

-0.6 0.1 0.6 -0.2 0.3

0.8 -0.4 0.7 0.2 -0.3

0.8 0.1 0.6 -0.2 0.3

-0.4 0.1 0.2 0.3 0.9

0.7 0.6 0.2 0.3 -0.6

0.2 -0.2 0.3 0.3 0.1

-0.3 0.3 0.9 -0.6 0.1

0.7 -0.5 0.1 0.6 -0.4

0.7 0.2 0.3 -0.7 0.3

-0.5 0.2 0.2 0.2 0.3

0.1 0.3 0.2 0.6 -0.4

0.6 -0.7 0.2 0.6 0.2

-0.4 0.3 0.3 -0.4 0.2

… ……



CPM can predict a wide 

range of phenotypes

- Rosenberg et al. (2015)

- Finn, Shen et al. (2015)

- Noble et al. (2017)

- Dubois et al. (2017)

- Greene et al. (2018)

gF

Attention
(d’, ADHD symptoms)

Participant

1

2

n-1

FC Reading recall

57

86

63

Personality
(Neuroticism, extraversion)

- Hsu et al. (2017)

- Lake et al. (2019)

Autism symptoms
(SRS, ADOS scores)

- Beaty et al. (2018)

Creative ability
(Divergent thinking)

0.9 -0.2 0.3 0.7 -0.6

0.9 -0.7 0.8 -0.4 0.1

-0.2 -0.7 0.1 -0.1 0.6

0.3 0.8 0.1 0.8 -0.2

0.7 -0.4 -0.1 0.8 0.3

-0.6 0.1 0.6 -0.2 0.3

0.8 -0.4 0.7 0.2 -0.3

0.8 0.1 0.6 -0.2 0.3

-0.4 0.1 0.2 0.3 0.9

0.7 0.6 0.2 0.3 -0.6

0.2 -0.2 0.3 0.3 0.1

-0.3 0.3 0.9 -0.6 0.1

0.7 -0.5 0.1 0.6 -0.4

0.7 0.2 0.3 -0.7 0.3

-0.5 0.2 0.2 0.2 0.3

0.1 0.3 0.2 0.6 -0.4

0.6 -0.7 0.2 0.6 0.2

-0.4 0.3 0.3 -0.4 0.2

… ……



- Rosenberg et al. (2015)

- Finn, Shen et al. (2015)

- Noble et al. (2017)

- Dubois et al. (2017)

- Greene et al. (2018)

gF

Attention
(d’, ADHD symptoms)

Participant

1

2

n-1

FC

Personality
(Neuroticism, extraversion)

- Hsu et al. (2017)

- Lake et al. (2019)

Autism symptoms
(SRS, ADOS scores)

Reading recall

- Beaty et al. (2018)

- Jangraw et al. (2018)

Creative ability
(Divergent thinking)

……

CPM can predict a wide 

range of phenotypes

…

0.9 -0.2 0.3 0.7 -0.6

0.9 -0.7 0.8 -0.4 0.1

-0.2 -0.7 0.1 -0.1 0.6

0.3 0.8 0.1 0.8 -0.2

0.7 -0.4 -0.1 0.8 0.3

-0.6 0.1 0.6 -0.2 0.3

0.8 -0.4 0.7 0.2 -0.3

0.8 0.1 0.6 -0.2 0.3

-0.4 0.1 0.2 0.3 0.9

0.7 0.6 0.2 0.3 -0.6

0.2 -0.2 0.3 0.3 0.1

-0.3 0.3 0.9 -0.6 0.1

0.7 -0.5 0.1 0.6 -0.4

0.7 0.2 0.3 -0.7 0.3

-0.5 0.2 0.2 0.2 0.3

0.1 0.3 0.2 0.6 -0.4

0.6 -0.7 0.2 0.6 0.2

-0.4 0.3 0.3 -0.4 0.2



Growing interest in predictive modeling of 

brain-phenotype relationships

A
n
h
e
d
o
n
ia

A
n

x
ie

ty



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 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?



• 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

• In-scanner task battery

• Out-of-scanner battery of phenotype measures

A sample to study failures of 

generalizability

Construct 1 Construct 2

Phenotype In-scanner

task
Phenotype In-scanner

task



Task RDoC Domain RDoC Construct
Card Guessing Task Positive valence Reward responsiveness

N-Back Task Cognitive systems Working memory

Stop-Signal Task Cognitive systems Cognitive control

Reading the Mind in the 

Eyes Task

Social processes Perception and 

understanding of others

Perceptual Task (movie 

watching)

Cognitive systems Perception

Sustained Attention 

Task

Cognitive systems Attention

A sample to study failures of 

generalizability

In-scanner task battery Post-scan battery



Measure Subtests RDoC 

Domain

RDoC 

Construct
Wechsler Intelligence 

Scales (WISC/WAIS)

Letter-Number 

Sequencing

Cognitive 

systems

Working memory

Symbol Search Cognitive 

systems

Attention, 

Perception

Cancellation Cognitive 

systems

Attention, 

Perception

Coding Cognitive 

systems

Attention, 

Perception

Wechsler 

Abbreviated Scale of 

Intelligence

Vocabulary Cognitive 

systems

Language

Matrix Reasoning N/A N/A

Wide Range 

Assessment of 

Memory and 

Learning

Finger Windows Cognitive 

systems

Working memory

List Learning Cognitive 

systems

Working memory, 

Declarative 

memory

Wide Range 

Achievement Test

Reading N/A N/A

Behavior Rating 

Inventory of 

Executive Function

N/A Cognitive 

systems

Cognitive control

Boston Naming Test N/A Cognitive 

systems

Language

Brief Symptom 

Inventory

N/A N/A N/A

Mini-International 

Neuropsychiatric 

Interview

N/A N/A N/A

Measure Subtests RDoC 

Domain

RDoC 

Construct
Demographics 

questionnaire

N/A N/A N/A

Handedness 

inventory

N/A N/A N/A

Interpersonal 

Reactivity Index

N/A Social processes Perception and 

understanding of 

others

Perceived Stress 

Scale

N/A N/A N/A

Positive and 

Negative Affect 

Schedule

N/A Positive valence Reward 

responsiveness

Pittsburgh Sleep 

Quality Index

N/A Arousal and 

regulatory 

systems

Sleep-wakefulness

Temperament 

questionnaire

N/A N/A N/A

Task 

strategy/difficulty 

questionnaire

N/A N/A N/A

Delis-Kaplan 

Executive Function 

Scale

Verbal Fluency Cognitive 

systems

Language

Trail Making Cognitive 

systems

Attention, 

Perception

Color-Word 

Interference

Cognitive 

systems

Cognitive control

Twenty 

Questions

Social processes Social 

communication

A sample to study failures of 

generalizability

In-scanner task battery Post-scan battery



Can we predict phenotype in 

these data, and in whom?

Classification accuracy

It
e

ra
ti

o
n

s

We can use brain data to 

predict phenotype 

(reading), but the model is 

making mistakes

Reading



a 

-1

0

1

 b

BNT

0 0.5 1
0

200

400
WRAT

0 0.5 1
0

200

400

600
VL

0 0.5 1
0

200

400

600
VL, delay

0 0.5 1
0

200

400

600
FW

0 0.5 1
0

200

400

600
Symbol

0 0.5 1
0

500

1000
Coding

0 0.5 1
0

200

400

600
LN

0 0.5 1
0

200

400

600

Cancellation

0 0.5 1
0

200

400

600
Trails

0 0.5 1
0

200

400

600
VF1

0 0.5 1
0

200

400

600
VF2

0 0.5 1
0

200

400

600
CW

0 0.5 1
0

200

400

600
20Q

0 0.5 1
0

200

400

600
Vocab

0 0.5 1
0

200

400

600
MR

0 0.5 1
0

200

400

600

Original

Permuted
N

u
m

b
e
r 

o
f 
p

a
rt

ic
ip

a
n
ts

Measure correlation

M
F

 c
o

rr
e

la
ti
o

n

0 0.2 0.4 0.6 0.8 1
-0.2

0

0.2

0.4

0.6

0.8 r
s
 = 0.49

P < 0.0001

V
L

V
L,

 d
el
ay LN FW

W
R
A
T

V
oc

ab M
R

Tra
ils

V
F1

C
od

in
g

C
W

20
Q

S
ym

bo
l

V
F2

C
an

ce
lla

tio
n

B
N
T

0.3

0.4

0.5

0.6

0.7

0.8

0.9

M
F

 c
o

rr
e

la
ti
o

n
-b

a
s
e

d
 d

is
ta

n
c
e

 c  d

C
o
n

d
itio

n
-b

y
-c

o
n

d
itio

n
 M

F
 c

o
rre

la
tio

n

Misclassification frequency (MF)

r1
ca

rd
ey

es
gr

ad

m
ov

ie
s

nb
ac

k
ss

t r2 gf
c

r1

ca
rd

ey
es

gr
ad

m
ov

ie
s

nb
ac

k

ss
t

r2

gf
c

Average
Original

Permuted

BNT*

Cancellation Trails*

WRAT* VL*

VF1*

VL, delay*

VF2*

FW*

CW*

Symbol*

20Q*

Coding*

Vocab*

LN*

MR*

Misclassification is stable and 

phenotype-specific

Misclassification frequency (MF)

#
 p

a
rt

ic
ip

a
n
ts

Original Permuted

Across tasksAcross iterations Across measures

0 0.5 1

Reading Reading

Permuted

Original

Condition-by-condition MF correlation



Validating misclassifications: Do 

models generalize across datasets?

Model 1: Correctly classified participants

Model 2: Misclassified participants

Model 1: Correctly classified participants

Model 2: Misclassified participants

How well does each model perform?

Yale UCLA



Models and “classification status” 

generalize across datasets



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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Who are the misclassified 

participants?
Those who defy stereotypical 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 fail 

for individuals who defy these profiles.



Looking forward: what can we 

learn from prediction?

+
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Thank you!
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Model performance and misclassification 

frequency are robust to analysis approach
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