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Individual differences:

* how we are consistent in our own
behavior across time and contexts

* how we reliably differ from others




Individual differences:

v present in cognition and behavior
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Individual differences:

v present in cognition and behavior

> detectable in the brain?
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Outline

1. Why should we care about individual differences?
2. What do we know about individual differences?

3. Where are the open questions & controversies?

)

)

)

{

.

iz

)

p—
~—

7.



Outline

1. Why should we care about individual differences?
2. What do we know about individual differences?

3. Where are the open questions & controversies?

)

)

)

{

.

iz

)

p—
~—

7.



Toward a deeper understanding of cognition

Group average Individual maps Degeneracy:
Worki
oring memory (i i m . Task performance?
31\ y o,

ez

Performance

Performance

¢
Activity Activity

Sz\ « Cognitive strategies, styles?
« Within-subject changes (i.e., learning)?
S Univariate or multivariate relationships
3

Activity, connectivity, other features

neurosynth.org



Insight into mental iliness
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/ .

Control Patient

2N _ N
Dimensional:
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Controls

Brain variable

trait X

Translational
tools?

Trait X

—-2.5 0.0 2.5 Insel et al., Am J Psychiat (2010)

< . > Brain variable Gabrieli et al., Neuron (2015)

\_ trait X ) Finn & Constable, Dial Clin Neurosci (2016)
Woo et al., Nat Neurosci (2017)
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Functional connectivity
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Functional connectome “fingerprints”

Day 1

* n =126 healthy adults
e 22-35 years old

50 sets of twins

Day 2




Functional connectome “fingerprints”

Day 1

* n =126 healthy adults
e 22-35 years old

50 sets of twins

{Accuracy: 54 — 94% (mean: 76%) chance < 1%}

Finn, Shen et al., Nat Neurosci (2015)



Functional connectomes predict fluid intelligence
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Predicting behavior from functional connectomes

Sustained attention & ADHD symptoms
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Localizing individual differences

Biggest differences found in most Anatomical differences also play a (large) role:
evolutionarily recent regions:

Evolutionary Cortical Surface Expansion A

2.5
I 2.5

Inter-subject Variability

0.75
|0.50

Sulcal Depth Variability B Cortical Thickness Variability

Mueller et al., Neuron (2013)



Individuals account for the most variance!

Group

EED
Lol

Individual

relative normalized effect magnitude
0% I e 40%

Individual & Task

@D
LA

Individual & Session
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Gratton et al., Neuron (2018)
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Questions & controversies

-

Data acquisition

i@
Subjects

« High n, sparsely sampled or
low n, densely sampled?
«  Which populations?
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High n, sparsely sampled? Or low n, densely sampled?

Dense sampling helps characterize:

“MyConnectome”

*  Within-subject variability Group

- understand fluctuations in
psychiatric illness

« Between-subject variability @/@ &\@

Laumann et al., Neuron (2015)

Tuesday (fasted/no caffeine) Thursday (fed/caffeinated)

Poldrack et al., Neuron (2015)

Midnight Scan Club
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Gordon et al., Neuron (2017)




High n, sparsely sampled? Or low n, densely sampled?

Advantages of high n sampling:

e ©6 o o o o
Wider distribution of behavior/phenotypes B A A A D A
| istributi vi y Trainingset 2 & 2 2 2 2
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More realistic for real-world applications
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Who should we recruit?

« Patients or controls? Ideally both
« Which diagnosi(e)s to target? ldeally several

* A"help-seeking” model can enrich samples for pathology Are you worried

» Longitudinal studies are key (recruit patients while they’re still controls!) about your child?

Our mental health study can help.
Your child will receive:

Symptom-based categories Integrated data Data-driven categories
» A no-cost diagnostic
Major depressive disorder Cluster 1 consultation
¢ [r— - - Referrals for
L f :, Genetic risk - follow-up care |
"/ polygenic risk score . Compensation for ’
Brain activity gluster 2 your ime
Mild depression insula cortex |
(dysthymia) ' € Contact us
Physiology | 347.934.2880
* ﬁ — inflammatory markers [ — Cluster 3 healthybrainnetwork.org
\'\' Behavioral process Cuirp Minp’ .
affective bias — % ] INSTITUTE P @
healthy brain network T =
Bipolar depression
Life experience Cluster 4

-

/

social, cultural, and
environmental factors
_.) —

Insel & Cuthbert, Science (2015)
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Q. Do you need HCP-quality data?
A. Not really

ID is fairly robust even at more standard spatial & temporal resolutions:

Fingerprinting Accuracy
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Q. What about amount of data?
A. Scan duration matters!

Longer acquisitions
are better:

intrasession

* higher reliability within subjects

intersession

scan length (min)
Birn et al., Neurolmage (2013)

* higher identifiability across subjects

ID rate

1.0
0.9 -
0.8
0.7
0.6 -

<A

Finn et al., Nat
Neurosci (2015)

i

0.5

I I I I I I I I I I I

12345678 91011
Number of time points (x100)

» higher sampling rate (shorter TR) cannot
make up for shorter scan duration

Intraclass Correlation Coefficient

N - N N
o o o o o

Sum of test-retest ranks normalized by absolute minimum
=)

0.76 |

0.74

0.72 }

0.7}

0.68

KKI 2000ms, 7 min
+— NKI 2500ms, 5 min
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* NKI 645ms, 10 min

Airan et al., Hum
Brain Mapp (2016)
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Number of data points
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= Truncating

Shah et al., Brain &
Behav (2016)
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Q. Does scan condition matter?
A. Yes!

Rest has become the default condition for FC & individual differences, but tasks may increase signal-to-noise

Replicating identification experiments: Conditions that make subjects look
more similar to one another actually
Target make better databases for identification:
Day 1 Day 2
R1 WM GAM MOT; R2 LAN SOC REL EMO 0.7
1 1.0
R1 0.49 0.41 0.68:0.71 )0.38 0.40
— ) 0.65 |
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(] 0.8 o
. a CAM g 0.6
(2} MOT 3
S ... Qo S 055!
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© . =
o] PR 041 (08 050" 048 KX - § 05f
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Pl 046 0.48 0.47 0.49 [k a5 1
| ! 0.45 | ¢
/Y :
REL [oRe¥} @@ s 0.71 0.74
@2
EMO 063 057 064 0.69}0.70 0.670.70 043 035 0.4 0.45 05 055
0.0

ChancI;e ~0.001 Mean between-subject correlation (z-score)



Q. Is rest best?
A. Probably not

Consider naturalistic tasks:

Inscapes: Vanderwal et al., Neurolmage 2015
headspacestudios.org



http://headspacestudios.org/

Q. Is rest best?
A. Probably not

Consider naturalistic tasks:

>~ ID rate is just as good as (if not better than) rest

Session 1

M

=)

Session 2

Rest1 Rest2 Ins1 Ins2 Oce1 Oce?2

Rest 1 0.82 091 0.76

Rest 2 0.71 0.85

0.91 0.94 0.82

Inscapes 1

0.82 0.88

Inscapes 2 0.82 0.91

Oceans1 0.91 0.62

0.88 0.88 |1.00

Oceans2 0.79 0.88

1.0

0.8

0.6

0.4

0.2

0.0

Vanderwal et al., Neurolmage (2017)



Cognitive brain states best predict cognitive ability

Connectome-
based Predictive
Model (CPM)

CPM

CPM

'\

Model input data

Behavior

GAM

SOC

MOT

REL

EMO

R1

R2

gF

Verbal IQ WM
0.5

r (pred,obs)

0.0
n=716; 10-fold CV



Multisite studies?

Multisite studies help increase n
But site and scanner effects can introduce added variance

Ultimately, biomarkers need to be robust to site

SuBJ

SITE

SCAN.
MAN.

2686
BOOO e

526D
BOOO o

0 coses [ I 8 cases
differences

528888
OO o

Ocoses CImmm | case
differences

Noble et al., Neurolmage (2017)

* Harmonization techniques are promising:
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Self-report or behavior?

« Self-report is subject to demand characteristics,
limited by people’s ability to introspect accurately

« Behavior may be less biased

« But self-report may be more stable within
individuals (and more variable across individuals)

* Predicting “real-world” behavior (e.g., outcomes)
will be gold standard

% of total variance

100
o Task
75 1 W Survey
50 1
25
| =
0 T T T
Between subject Within subject  Error variance

L}
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Recent Probes -
Shape Matching -
Shift -
Simon -
Simple RT -
Spatial Span -
Stim SSS -
Stop Signal -
Stroop -
Task Switching -
Tower Of London -
Two Step -

Behavior (task)
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Enkavi et al., PNAS (2019)



Inter- versus Iintra-subject variability
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Connectivity? Activation? Both? Something else?

Q

Percent signal change

Current focus on functional connectivity stems from explosion of resting-state & large-scale datasets
But many task-based studies have shown parametric relationships between activity and behavior

Combining the two may be most powerful
Other non-traditional approaches such as inter-subject correlation (ISC) have potential

Model based on
[FPN activity — DMN activity]
h

" () 8 during n-back task
@ ..
- f[ ) :‘\: cepstes - Trait paranoia R
e R L ' 0.15 -

w
c
K=

° o
0.8 TS 102 __
=0 3
2 015 @
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c g © Q
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£= 3 g Hoos g 0%
<< 5 o 2
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1l . - B° 0.00 .
_s3l . v 1 ~0.05 0 22
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10 15 20 25 30 35 Predicted General

gF (Raven's APM score) Intelligence Scores

Gray et al., Nat Neuro (2003) Sripada et al., bioRxiv (2019) Finn et al., Nat Commun (2018)



Node boundaries or functional connections?

« Imposing a group atlas can obscure individual differences in node boundaries
* Node boundaries themselves may contain meaningful information

A. B.

Difference:
Negative Positive Positive - Negative

| ——

Bijsterbosch et al., eLife (2018)



Node boundaries or functional connections?

« Imposing a group atlas can obscure individual differences in node boundaries
* Node boundaries themselves may contain meaningful information

Subject 1 Subject 2 Subject 3 Subject 4 0.35 1
! ! ! ! |
-0.05 r : r r : r r : . : . T v
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o
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Cross—Validated Accuracy (Correlation)

Day 2 (Runs 3-4)
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Kong et al., Cereb Cortex (2018)



Node boundaries or functional connections?

Even individual-specific parcellations may be task-dependent:

a

. Parcellation similarity
Movies

GradCPT
SST

Card
Eyes

Movies
Rest 1
Rest 2

GradCPT

NN A D 5.9 N
\O'b(’b(s S (J'b* <¢\Q’ O\\\Q’ e‘-'}'
%’b@ NS
| O

0.76 0.8 0.84

M'Mamming

Parcel reconfiguration

Salehi et al., bioRxiv (2019)
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Behavior: Mitigating confounds

Many behaviors/phenotypes are correlated with head motion! « Patients of any kind move more
« Children & older adults move more

Negatively: Positively:

Subject measures Pearson r
Age, vascular health:
ReadEng (AgeAd)) -0.23 DSM somatic problems (pct) 0.16
Age-effect Relation to mean FC
ReadEng (Unadj) -0.23 DSM antisocial (raw) 0.16 B C
5 004
Vocabulary (AgeAdj) -0.19 ASR externalizing (raw) 0.16 £ ";
° @
o )
Dexterity (Unadj) -0.18 DSM somatic problems (raw) 0.16 'E £
8 0.2
= e
CardSort (Unadj) -0.18 Tobacco use 7 day 0.18 3 @
> 2
Dexterity (AgeAdj) -0.18 Diastolic blood pressure 0.18
0
-5 0 5
CardSort (AgeAdj) -0.18 ASR externalizing 0.18 Adjusted Vascular health
; E F
Education -0.17 Tobacco use today 0.2
06 L e e Q04
Fluid intelligence -0.17 Systolic blood pressure 0.23 8 g
I £
Spatial orientation -0.17 Weight 0.52 E -
o Q
© -
o D
Vocabulary (unadjj) -0.17 Body mass index (BMI) 0.66 2 %‘
<
Emotion recognition -0.16 0
& 0 0.2 0.4

Adjusted head motion

Siegel et al., Cerebral Cortex (2016
9 X ) Geerligs et al., Hum Brain Mapp (2017)



Behavior: Mitigating confounds

Many behaviors/phenotypes are correlated with head motion!

Edges significantly related to subject motion
(264-node Power network)

ICA-AROMA
AROMA+GSR
36P+despike

v

Check correlation in your sample

Consider excluding very high-motion subjects

Choose appropriate preprocessing techniques : ‘

Use motion as an explicit covariate

v v
aCompCor
36P+scrub
36P+spkreg

v

Ciric et al., Neurolmage (2017)
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“Fingerprinting” across development, aging

A.

Low motion subjs session 1 -2

o
A g

=

 |dentification is possible across sessions
separated by a period of years:

o
i e

Correlation coefficient
° =]
e : B

1.0 0.0 . . - )
| | Bl Pitt  Teens (~15 yrs) I LN
0.8 - SLIM Young adults (~20 yrS) o Low motion subjs session 1 -3
Utah Kids-adults (~10-30 yrs El vz . )
% 0.6 ( yrs) % ‘_r&._'. 5 .
L Bl UM Older adults (~65 yrs) §°4 A
— 0 Eo.z

o

Permutation . -
a test results i T W

Low motion subjs session 2 -3

0.0 ' 0.+ .
VDD DD 4240 a0 A0 a2 A0 §
NUNTT NINTT VY \05\'\4"\'&05\;,03' §°-°~ .
Pitt SLIM  Utah UM %“‘ T "
£ 02

Years Between Scans



"Fingerprinting” across development, disease

P : Whole brai
« Connectomes grow more distinct with age 75 - 751 ol e
« This process is delayed in mental iliness
. . i 65}
» Need longitudinal data! 65
o 55| 55
o @
[72]
o .
‘% 45 :g 45+
S g
(] ]
5 5
8 asf g
| = c 35
S 3
O
25 o5 |-
= Healthy individuals (n = 153)
= Individuals with i d
s Across all (n = 797) - crl‘inlivclalu:yfng::m:gc(g;ieased, n=137)
15 F - Across females (n = 430) .5 DEP (n = 85)
: H ® 7 = Across males (n = 367) i == ADD (n = 107)
Adolescent Brain Cognitive Development 0T : : : 1 - = SIP (1= 103)
Teen Brains. Today’s Science. Brighter Future. 08 12 16 20 00 s 12 16 20
Age (years) Age (years)

Kaufmann et al., Nat Neuro (2017)
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Further reading & open data sets

Selected reviews:

Prediction as a humanitarian and pragmatic contribution
from human cognitive neuroscience
Gabrieli, Ghosh & Gabrieli, Neuron (2015)

Building a science of individual differences from fMRI
Dubois & Adolphs, Trends in Cognitive Sciences (2016)

From regions to connections and networks: new bridges
between brain and behavior
Misic & Sporns, Current Opinion in Neurobiology (2016)

Can brain state be manipulated to emphasize individual
differences in functional connectivity?
Finn et al., Neurolmage (2017)

Open data sets with brain and behavior:

1)\ HUMAN 4 uk
=2} Connectome .0 am
PROJECT

Improving the health of future generations

|
b
!,’,:

-

(2
W

ABI D E ﬁdCKLAb?D
SAMPLE

Autism Brain Imaging
Data Exchange

Philadelphia
Neurodevelopmental : o CHILD MIND
o BaP INSTITUTE

GENOTYPES and PHENOTYPES heCIH'hy brain network

. i ®
Adolescent Brain Cognitive Development
Teen Brains. Today’s Science. Brighter Future.
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Functional connectivity

r value
(e}

» Whole-brain organization
« Can use resting-state data




|dentification experiments

Human Connectome Project
» 126 healthy subjects (50 sets of twins)
* Age 22-35 years old

Day 1

Day 2
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|dentification results

Target Database

Rest 2 Rest 2

- . i .

Database
10bie|

ID rate

os NN = . @ N o

Chance: ~0.008

Finn, Shen et al., Nat Neurosci (2015)



Network-based identification

1. Medial frontal 5. Somato-motor




Network-based identification
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Network

Finn, Shen et al., Nat Neurosci (2015)



