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Outline

* What are individual differences?
* Why study individual differences?
* How to individual differences?

What are individual differences?
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Traditional fMRI (group-level) analyses
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But wait, there’s more (information!)
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performance on task!
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But wait, there’s more (information!)

% of variance explained by a given measure

Example:
Physiological noise
Thermal noise

Measurement error Error
True differences
5 across
etween indivi
) individuals
Examples: Within Subject
Metabolic changes Subject
Physiological state
Arousal
Attention

Experimental Condition

Between and within subject variance can both be interesting targets of prediction,
they just are asking different questions!

Why study individual
differences?

10
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Predicting cognition

Cognition

Symptom

Intelligence
Speed
Cognitive
floxibility Attention
oo
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5 & .
Reading
% Working
memory

Sui et al., Biol Psych 2022
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Psychiatric symptoms as dimensional, not

categorical

Research Domains Criteria (RDoC)
Goal: “to develop, for research purposes, new ways of
classifying mental disorders based on dimensions of
observable behavior and neurobiological measures”

Deconstructed, parsed, and diagnosed.

A hypothetical example illustrates how precision medicine might deconstruct traditional symptom-based categories. Patients with a range of
mood disorders are studied across several analytical platforms to parse current heterogeneous syndromes into homogeneous clusters.

Symptom-based categories Integrated data Data-driven categories
Major depressive disorder Cluster 1
%) e 7
f 2 Genetic risk &
4 J polygenic risk score
Brain activity Cluster 2
Mild depression insula cortex Ko 1
(dysthymia) L 5 i
Physiology H
* —_— inflammatory markers [> Cluster 3 E——
W —
Behavioral process
affective bias > 1
Bipolar depression
o Life experience Cluster 4
I social, cultural, and
¢ i environmental factors
\‘ L—

Prospective
replication and
stratified clinical
trials

-

o

So what?
Better understanding o

disease pathophysiology

Track disease
progression

Develop new (more
effective) treatments
Understand who will
respond to which
treatments

)

/

Insel and Cuthbert, Science 2015

12



7/31/26

But wait!

13

Are most individual differences even

meaningful?!?

nature
Explore content v About the journal v Publish with us v Can brain Scans re

NEWS | 17 March 2022

nature > articles > article BombShe“ Stu

Most studies linking features i iesare too
small to bereliable, argues ac;

Article \ Open access \ Published: 16 March 2022

Reproducible brain-wide association studies req
thousands of individuals By Ewen Callaway

Scott Marek &, Brenden Tervo-Clemmens &, Finnegan J. Calabro, David F. Montez, Benjamin P. Kay,

Alexander S. Hatoum, Meghan Rose Donohue, William Foran, Ryland L. Miller, Timothy J. Hendrickson

Stephen M. Malone, Sridhar Kandala, Eric Feczko, Oscar Miranda-Dominguez, Alice M. Graham, Eric A.

Earl, Anders J. Perrone, Michaela Cordova, Olivia Doyle, Lucille A. Moore

Uriarte, Kathy Snider, Benjamin J. Lynch, ... Nico U. F. Dosenbach @ + Scannlng the Braln to Pr
Nature 608, 654-660 (2022) | Cite this article ‘Task’ for MRI

June 3, 2020
TAGS: BRAIN IMAGING | FMRI|NEWS | TASK PERFORMANCE
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We need thousands of individuals?!?

Cognitive Ability Psychopathology
1.0 1.0
= 05 0.5[-
S .. ..
‘E‘j op 0 -
8 -05[ —05["
-1.0 -1.0
25 200 2,000 25 200 2,000

- Widely varying effect sizes at
small sample sizes — even

producing completely opposite
results!

Marek et al., Nature 2022

15
High SNR
Consortium Studies Focused Studies
(N>1000 sampling the general population) (Small N, maximize signal and minimize noise)
Measure population-level variation Deeply characterize brain
in brain function/anatomy and function/anatomy and behavior to
behavior to understand cross- understand brain-behavior links
sectional brain-behavior links within people
Findings inform us about Findings inform us about
population tendencies. effects in individuals.
Useful for guiding social policy Useful for guiding clinical care
Gratton et al., Neuron (2022)
16
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Two paths forward

Consortium Studies

(N>1000 ing the general populatic

Measure population-level variation
in brain function/anatomy and
behavior to understand cross-
sectional brain-behavior links

Findings inform us about
population tendencies.

Deeply characterize brain
function/anatomy and behavior to
understand brain-behavior links
within people

Findings inform us about
effects in individuals.

Useful for guiding social policy Useful for guiding clinical care

Gratton et al., Neuron (2022)

How to study™ individual
differences?
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Correlation (r)

Collect lots of subjects!

Cognitive Ability Psychopathology
1.0 1.0
05[ - 0.5[--
0 of o
-05[ -05["
-1.0 -1.0
25 200 2,000 25 200 2,000

Marek et al., Nature 2022

Benefits of a larger sample size:

* Correlations get more reliable!

* Wider distribution of phenotypes

* Allows us to use more robust
statistical/machine learning methods
like cross validation

Problems with using a larger sample size:
* Expensive

* Time consuming

* Hard to recruit patients

19

So what if | can’t recruit thousands of

subjects?

- Consider the measures you use: task vs rest

Many studies use resting state fMRI to predict

behavior

* Relatively reliable across session (“trait-
like”)

* Reflects functional networks that are a
“backdrop” to anything that happens
during task

* Easyto measure -no task to learn,
requires relatively little scan time (~15
minutes)

* Many big, open datasets include it!

BUT: is rest the best for prediction?
Maybe not.

D

HCP CPM results

Variance explained (%)

10
| II
0 ..

00“‘@@@6‘0 \&°\\;§°"6°° Q!?J\ Qg

Condition

(]

PNC CPM results

Variance explained (%)

WM Emo Rest

Condition
Greene et al., Nat Comms 2018
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So what if | can’t recruit thousands of
subjects?

- Consider the measures you use: task vs rest (or both!?)

Multimodal . 3 A
° ©
oo ;
o :
2 % 24 Uriiodal :Multlmodal
<2 T
- 1 1
i 1 1
e 1 1 1
1 1
1 1
0. T T : T o T T
0.0 02 04 06 08 10 0.00 0.25 0.50 0.75 1.00

Prediction accuracy Prediction accuracy

Sui et al., Biol Psych. 2020

- Integrating across neuroimaging features can improve prediction performance

and leverage unique aspects of brain structure and function to better characterize
individual differences

21
. , .
So what if | can’t recruit thousands of
- Consider the measures you use: self-report vs cognitive task
Take for example: face blindness (prosopagnosia)
Option 1: Self-report measures Option 2: Data from cognitive tasks
20 item prosopagnosia index (P120) Cambridge Face Memory Test
1 My face recognition ability is worse than most people : e
2 | have always had a bad memory for faces Emaples
3 Ifind it notably easier to recognize people who have
distinctive facial features
4 | often mistake people | have met before for strangers 8 L —
5 When | was at school | struggled to recognize my o o / ot mages
classmates
Shah et al., R. Soc. Open sci, 2015 G
g
Duchaine et al., Neuropsychologia 2006
22
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So what if | can’t recruit thousands of
subjects?

- Consider the measures you use: self-report vs cognitive task
Take for example: face blindness (prosopagnosia)

Option 1: Self-report measures Option 2: Data from coghnitive tasks
* Pros: * Pros:
e Easytoadminister * Less potential for bias
* Might be more relevant for psychiatric * Abletodoinscanner
conditions * Easierto predict?
* Potentially more stable within an * Cons:
individual * Might have less relevance for “biomarkers”
* Cons: * Potentially less generalizable
* Potential for bias
* Relieson participa nt’s ab|l|ty to Mean Accuracy (Correlation)
intrOSpeCt 0.97 0.08 0.09 0.1 0.11 0.12 0.13
Self-reported E]

Task Performance

Kong et al., Cerebral Cortex 2021

23
Error
. , .
So what if | can’t recruit thousands of
. Within Subject
subjects?
- Consider the measures you use: optimize sources of variance
Between and within subject variance can both be interesting targets of prediction,
they just are asking different questions!
-> Different questions necessitate different tasks
Within Subject Effects
(Group/Condition Differences)
Dif ference in conditions
- Error
24

12
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Error

So what if | can’t recruit thousands of
subjects? o | S5

- Consider the measures you use: optimize sources of variance

Between and within subject variance can both be interesting targets of prediction,
they just are asking different questions!

- Different questions necessitate different tasks

Within Subject Effects

Between Subject Effects
(Group/Condition Differences)

(Individual differences)
Dif ference in conditions

. c Variance between individua‘
" Variance between individual‘k Error ' -

Error

- Tasks that are optimized for within-subjects effects may be poorly
optimized for between-subjects effects

See Hedge et al., Beh. Res. Methods 2017 for more info/math

25

So what if | can’t recruit thousands of
subjects?

- Consider what measures you use: maximize reliability

Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE

Trial 1
Trial 2
Trial 3

Trial 4

Trial 5

Trial 6

X KK X[KIE]

Overall accuracy: 0.66

26
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So what if | can’t recruit thousands of
subjects?

- Consider what measures you use: maximize reliability

Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE

oY Trial 1 Trial 2
E Trial 3 x Trial 4
Trial5 Triale X

Accuracy 1: 0.66  Accuracy 2: 0.66

27
. , .
So what if | can’t recruit thousands of
subjects?
- Consider what measures you use: maximize reliability
Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE
o} Trial 1 Trial 2
E Trial3 )¢ Trial 5
Trial 4 Triale X
T Accuracy 3:0.66  Accuracy 4: 0.66
28
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So what if | can’t recruit thousands of
subjects?

- Consider what measures you use: maximize reliability

Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE

0] Trial'5 Trial 2 Split-halves reliability: the task
. i you’re using is internally
Trial 6 Trial1 |V
X consistent (i.e. taskis
Trial 4 Triald % measuring the same construct
all the way through)
1 Accuracy 5:0.66  Accuracy 6: 0.66

- Do all tasks show acceptable levels
of split-halves reliability??

29

So what if | can’t recruit thousands of
subjects?

- Consider what measures you use: maximize reliability

Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE

a CFMT

% 08 W
5
@

0.6 4

044 &

Reliability, R

0.2

§  N=58, n trials=360
N=234, n trials=72

0.0 4

T T T T T
0 40 80 120 160
Number of trials, L

- Number of trials it takes to reach an "acceptable”

level of reliability varies across task
Kadlec, Walsh et al., Comms Psych 2024

30
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So what if | can’t recruit thousands of
subjects?

- Consider what measures you use: maximize reliability

Key assumption of individual differences: we are measuring stable, trait-like things
Put another way: the things we are measuring are RELIABLE

a CCMT vs Car Matching, N=152
Reliability - .
r=0.518 05 atuston corecion - Less reliable tasks
201 020 042 063 085 o prediction
. 5" show attenuated
L 151 g 03 .
: N 3o correlations, even
10 s
} AL o when they are
5 - .,.;-:i"v'.“\
20 (W truly related
N N ' ' ,
-02 0.0 0.2 04 06 0.2 04 06
Correlation Reliability, R

Kadlec, Walsh et al., Comms Psych 2024

** Mathematically the same for brain-behavior,
behavior-behavior, brain-brain, etc **

31

So what if | can’t recruit thousands of
subjects?
- Use an appropriate sample

=

1 Hedges' g=0.73
Patients 3 ges' g
o 21 _
i 7 HC Patients
N
HC P
o 1 1
11 i
° o ° Q 1
1
0, 1
0.0 02 0:4A 06 08 10 0.00 025 0.0 0.75 1.00
- Prediction accuracy Prediction accuracy

Sui et al., Biol Psych. 2020

Consider: if you’re trying to find a biomarker for a specific psychiatric phenotype in a sample of healthy
volunteers, there might not be enough between-subject psychiatric variance for a model to pick up on

32
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So what if | can’t recruit thousands of

subjects?

- Improve your data quality

110 A

100 -

90 4

80 1

70 1

# of Observations

60 1

50 1

40 -

—— Power=0.8
Power=0.9

5

10 15 20 25 30
% improvement for contrast-to-noise

Examples:

* Use different acquisition
parameters

* Reduce head motion

» Better preprocessing
methods

A 10% improvement in contrast-to-noise could mean a statistical power of 0.8 is possible with 63 vs 80 subjects

Slide adapted from Dan Handwerker

33
. , .
So what if | can’t recruit thousands of
subjects?
- Use better statistical methods: Cross-Validation
-> Creating your model in
x =randomly drawn from 25 your entire sample can
normal distribution lead to fitting to sample
y =2*X + noise . A
> 00 specific characteristics
(i.e. noise) and lead you to
25 think you’re doing better
than you actually are
34

17
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So what if | can’t recruit thousands of

subjects?
- Use better statistical methods: Cross-Validation
Training Set Predicted Values K-fold cross validation
r—"
10 |9l
o Round1 | X1 X2 X3 X Xs X6 | score1
| I Test set ini
12 | 11ain your modet | 11 | estse Training set
S
13 @@ 1141 Round2 | X Xa X3 X4 Xs Xe | Score2
L Training set Test set Training set
7 |8 |
| |
Co X1 X2 X3 X4 X5 Xe | Score3
Test Set Predicted Value Round 3 Training set Test set
Apply model H
H -> Average score from test sets across rounds Overall
Score
Compare actual to predicted value
35
. , .
So what if | can’t recruit thousands of
- Use better statistical methods: Cross-Validation
Without CV
0.8 i
0.6 K3 4 " o
; @ a ‘
2 0.44e . : " «? - Without CV, effects are
% 0.2+ ’ overestimated in discovery sample
E, o I A S - CV can un-bias effect estimates
é -0.2
a
-0.4
-0.6 —
050 -025 0 025
Replication sample r
Sample size: ®50 ¢ 100 200 © 300 495
Spisak et al., Nature 2023
36
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So what if | can’t recruit thousands of

- Use better statistical methods: Generalize to independent sample

iects?
Su bjeCtS !

44 r=086 4+ r=087 44 r=084
o P=34x10"° P=16x10"° P=13x107"
3
gg 3 3 . 3 ....
2 . s
5% 2 2 = 2 oo o
FR I %
s5 o . Positive
$S1 1 1 ‘
® © Negative

®GLM
T

T 1 01 T T T 1
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4

High-attention network Low-attention network

/’ R\ f- /§\ Prefrontal
; b
s ‘ I

/ =
/ \
y/ \ Cerebellum

\ \"— e ;
\ —/ \/\/’;“"‘\/ s

Functional coLnﬁectivity predictstgrforma nce on
sustained attention task in healthy volunteers

49 r=-030 49r=-034
P =0.001 P=22x10"*

39 3

SAN model prediction

High-attention
network model

Low-attention
network model

. o GLM

0 20 40 60 80
ADHD-RS score

Model can also successfully predict

ADHD scores in an independent sample
Rosenberg et al., Nat Neuro 2015

37

Wrapping up: individual differences

* What are individual differences?

* Statistical association between some sort of brain measure and some sort of

behavioral measure

* Why should we care about individual differences?

* They give us new insights into nuances behind neural processes and support the

move towards brain-based psychiatry

* How can we robustly study individual differences in (large N) studies?

* Think critically about which measures you’re going to collect

* Improve data quality of both the brain and behavior data

* Use appropriate statistical/machine learning methods like cross validation and

generalization in an independent sample

38
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Shifting gears toward “Deep Sampling”
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NIH  National Institutes of Health

Shifting gears toward “Deep Sampling”

1. What is Deep Sampling in fMRI?

41

NIH  National Institutes of Health

Shifting gears toward “Deep Sampling”

2. Some Examples

42
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NIH  National Institutes of Health

Shifting gears toward “Deep Sampling”

3. Considerations in Deep Sampling

43
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What is Deep Sampling in fMRI?

How long should you scan for?

» Most brain processes are complex, so it takes a lot of
data to try to understand them.

TSNRt

» How much data is required depends on multiple factors:

- TSNR - Signal strength compared to noise

- eff - Effect size -

- erfc/P - Desired level of confidence AR

-R - Proportion of time mapping the response 00 200 400 600 800 1000 1200 1400 1600 1800
Number of Timepoints (N)

.., 2 erfc™! (P) :
= R(1-R) ((TSNR)(eff))

Murphy, et al. 2007

44
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NIH  National Institutes of Health

What is Deep Sampling in fMRI?

« Some noise sources are related to MRl itself,
while some are related to subject variation.

* Many studies have tried to gain insight based on
limited sampling from many individuals 3 alliv
» This approach has a lot of power to uncover » Si Subi t
individual differences and population effects |nge ec
27 T7h

* However, averaging across individuals results in
the loss of individual details

* Includes spatial blurring, physiological
differences, hemodynamic differences, etc.

WU-Minn Human Connectome Project Consortium

45

NIH  National Institutes of Health

What is Deep Sampling in fMRI?

» So, then what is Deep Sampling? " . ‘ e G
+ It’s just a study that collects multiple Single Sect
scanning sessions per subject... e ;,"{;;,\

WU-Minn Human Connectome Project Consortium

46
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What is Deep Sampling in fMRI?

Deep sampling aims to avoid issues arising from
cross-subject averaging by collecting extensive
fMRI datasets from only a few subjects

Ideally, we would always record lots of data from
many subjects, but in the real world, this is very
difficult...

10,000

imited sampling
rom,many subjects

7/31/26

Population
studies

Extensive sampling
from many subjects

A Heeee
40444
§ieeé
fieeé
(1]

¢ BioBank

sMCOUS
HCP 7T Refin
® Narrafives ad

*BC

* Midnight Scan Club

Toff samping - GogET Qelect
3

NSD
.

o>

: BOLDS000
®Vim-2 e Dynamic Natural Vision
oVim-1 MyConnectome
& Docfor Who

20 30
aLfMR! data per subject

Deep
Sampling

Naselaris, et al. 2021
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Shifting gears toward “Deep Sampling”

1. What is Deep Sampling in fMRI?

48
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NIH  National Institutes of Health

Shifting gears toward “Deep Sampling”

2. Some Examples

49
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Complex natural stimulation with audio

o) DESCRIPTION TRANSCRIPT!
E |

WW

) SCENE ANNOTATION

Ccsv Icgl Ccsv
DEMOGRAPHICS R ¢}
CARDIAC TRACER M|
AAJWALIY xd'nuul‘ AW m
ESPIRATORY TRACE! O

N

* Hanke (et al.) acquired functional data from
subjects listening to the audio track from
Forest Gump (considered a form of resting state)

AV

D] DI

i o A S o
RAW UN- LINEAR NON-LIN
BOLD DISTORT ALIGN  ALIGN

* Supplementary data included survey, physio, and
anatomical measures (T1, T2, SWI, DTI, MRA, etc.)

ACQUISITION SESSIONS

Hanke, et al. 2014

50

25



7/31/26

NIH  National Institutes of Health

Complex natural stimulation with audio

¢ Huth (et al.) used a similar design to develop
models of speech semantics

* Uncovered separate “concept” preferences in
different portions of cortex

Huth, et al. 2016

51
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Is the amount of data the only thing important thing?

Limited sampling Extensive sampling
from many subjects from many subjects
eee
100,000 [-§4844
it
i
A
10,000 - BioBank
| HCP
2 .
8 1,000 -
2
3
@
5 o MOUS
ol °HCP 7T Retinotopy
g * Narratives
100 =
E e Naturdlistic Neuroimaging Database
= fraditional
fMRI studies
.  StudyForrest
10 *IBC e Midnight Scan Club NSD
i G ic Object b
Task Sampling - SRS GRS Extensive sampling
_ ©BOLD5000 from a few subjects
®Vim-2 _eDynamic Natural Vision WEA G4 CAEEEE CNeuro
o Vim-1 MyConnectome - Mod
1 ® e Doctor Who
L L L L
0 10 20 30
Different Hours of fMRI data per subject

Tasks

Naselaris, et al. 2021
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NIH  National Institutes of Health

Multiple tasks to better understand brain activity

Structural
MRI e
Yoy 2
¢ The Midnight Scan Club aimed to combined RSFC
deeply sampled resting state activity with MRI
neuropsych batteries and task fMRI Cormelations
Blocked x 20 runs Mixed Block/Event-related x 20 runs Event-related x 30 runs

* This design allows them to better explain - 4@’ -
connectivity profiles but incorporating single- MRI §
subject data from multiple domains . Infout

Abs/Conc

* Italso enables analysis of individual differences Cooniren = ¢ Py

Neuropsych : g
Batteries =

NEO-FFI  BIS/BAS

Gordon, et al. 2017
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Is the amount of data the only thing important thing?

Limited sampling Extensive sampling
from many subjects from many subjects
eee
100,000 [-§4844
it
i
A
10,000 - BioBank
HCP
2 .
8 1,000 -
2
3
@
5 o MOUS
= =HCP 7T Retinotopy
g * Narratives
100 =
E e Naturalistic Neuroimaging Database
= fraditional
fMRI studies
.  StudyForrest
10 - *|BC e Midnight Scan Club NSD
" Generic Object bl
S N R Task Semphng Decoding
; . «BOLD5000
®Vim-2 e Dynamic Natural Vision
o Vim-1 MyConnectome
L e Doclor Who
L L L L
0 10 20 30
Different Hours of fMRI data per subject

Tasks

Naselaris, et al. 2021
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NIH  National Institutes of Health

Cortical responses are complicated

1 PRIMARY MOTOR CORTEX

* Gonzalez-Castillo (et al.) looked at an
incredibly simple paradigm—a block
design flashing checkerboard with
attention task

* They found that temporal responses
varied widely across cortex (but were
time-locked to stimuli)

20 40 80 100 140 160 200 220 260280 Time(s) 20 40 80 100 140 160 200 220 260 280 Time (s)

Gonzalez Castillo, et al. 2012
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Complex natural stimulation with audio and video

* “The Kenshu Dataset” expands stimuli to video
and audio by repeatedly showing the Human
Connectome Project’s MOVIE1 stimulus set

* This project showed that Deep Sampling is an
important aspect of whole brain datasets aimed at
layer-specific connectivity profiles

Koiso, et al. 2023

56
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NIH  National Institutes of Health

Building better computational models of the brain

* The Natural Scenes Database collected an
incredibly large dataset of subjects viewing static
naturalimages (70000 images to 8 subjects over
30-40 sessions each)

* These data allow computational modelers to
better understand how to brain encodes visual
information and interfaces with large machine
learning models

BOLD response.
2 =

oy

A

1SNR

ON-OFF A (%)

s
s
4
2
0

5 10 15 20 25 a0 3 40 5 10 15 20 25 30 33 40 5 10 15 20 25 30 3 40
‘Scan sassion ‘Scan session ‘Scan session

Allen, et al. 2022
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Is the amount of data the only thing important thing?

Limited sampling Extensive sampling
from many subjects from many subjects

e84
Lihebe
b1
L
Ll

A
A
10,000 i BioBank

5

H
100,000 "
3"

| HCP
.

Mous
°HCP 7T Retinotopy
® Narratives
100 =
e Naturalistic Neuroimaging Database
fraditional
MRl studies
. o StudyForrest
10 - ¢BC e Midnight Scan Club NSD
ing Generic Object .
Task Sampling - SRS GRS Extensive sampling
SNR . *" " «BOLDS000 from a few subjects
®Vim-2 e Dynamic Natural Vision "X ™ CNeuro
o Vim-1 MyConnectome Mod
® e Doctor Who
i | 1 1

10 20 30
Hours of fMRI data per subject

Number of subjects

Different

Tasks Brain changes Naselaris, et al. 2021
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Are we ever scanning the same brain?

B L B | s bttt Resting IMRI
L e 1 HHHH 4 Daily survey
........ Fetbe e B R e ] Blood draw

r

9.

2, Timeline
23

%,
» The MyConnectome project scanned one ‘ i ,_ \ :(‘}

individual approximately 100 times over the - 52 /' @
course of one year. : Q :

-~ i Ry 4 ‘s
) lMRlv ) C y- Natwork Within/between:

. assignment network connectivity
* They collected surveys, blood draws, and genetics
to better understand how connectivity is
. N . aHw y Poep—
influenced by a person’s daily life STosTeectuvsAc = presye — i
e L mm e N i
i T e =T =,
ATCAAAGATTACATGAR i —
ATCANTCAAAGOOMA B AKTIP 204 e ,"“:‘ S
CeAGh
g Weighted gene
RNA-seq Allg‘n ment to Gene-level Variance coexpression
reads Jonce quantification stabilization network analysis
genome (WGCNA)
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Are we ever scanning the same brain?

Right ~— Left

Hor Woxs [loe [lsve [Henc Were [ o

17-Estradiol (pg/ml) &

* Taylor (et al.) examined how our brains change
based on hormone cycles by collecting

anatomical, resting state scans, and blood draws S B
over the course of one individual’s menstrual cycle %: §
3 o 3
* One thing they found was that hippocampal sub- g i
region volumes change over the cycle and are i a
related to levels of progesterone in the blood e e
a ca2a Parahippocampal Cortex ™ perihinal Cortex Entorhinal Cortex

240 . 3050 .

g
8

* They also did a follow up when the subject was on
birth control (reduces progesterone levels) to
confirm that these changes were related to the
hormone.

- o

Subregion Volumes (mm?)
.
o
°
.
.
.
2 o
Subregion Volumes (mm?)
.
.
of o
.
.
s
*8

2350
b 15 [ 15
Progesterone (ngml) Progesterone (ng/mL)

Taylor, et al. 2020
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Shifting gears toward “Deep Sampling”

2. Some Examples
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Shifting gears toward “Deep Sampling”

3. Considerations in Deep Sampling
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Okay, so you want to do a Deep Sampling study...

* Overall, there are 4 principles for Deep Sampling:

1. Designwell:

2. Scan more:

3. Optimise quality:

4. Share effectively:

Kupers, et al. 2024
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What is Deep Sampling in fMRI?

Conventional,,
hypothesis-driven

/ fMRI datasets

® /2y
1Y ]
e,

* Since collecting deep sampling projects can be —' &
expensive and time consuming, it is important to

consider how to best cover multiple possible 1
hypotheses with their experimental designs
199 &
1
* Itcan also be helpful to partially overlap with other ® e ! i
large datasets to help link different areas of Poi® o :
scientific inference. Deep sampling

fMRI dataset

Figure adapted from Kupers, et al. 2024
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