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Understanding brain organization



Genon et al., 2022, Trends in Neuroscience 

The complexity of brain organization

Eickhoff, Yeo & Genon, 2018, Nat. Rev. Neurosci. 
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Plachti,…& Genon, 2019, Cerebral Cortex; Plachti,… & Genon, 2020, Brain 



Genon et al., 2022, Trends in Neuroscience 

The complexity of brain organization

Eickhoff, Yeo & Genon, 2018, Nat. Rev. Neurosci. 



The complexity of brain organization:

Hippocampal metabolic networks

Maleki Balajoo,…& Genon, under review



Grey Matter Volume loadings

Hippocampal structural covariance networks 

in Major Depressive Disorders 

Poster WTh591



Relating behavior to brain structure

2011



Relating behavior to brain structure

Number of facebook friends relates to local grey 

matter

Kanai et al., 2012

Political orientation relates to local grey matter

Kanai et al., 2011

Theory of mind performance relates to local cortical 

thickness

Rice & Redcay, 2015

Music pitch performance relates to local cortical 

thickness

Left intraparietal sulcus Right auditory cortex

Foster & Zatorre, 2012



Genon et al., 2017, NeuroImage

TMT-A

Mapping behavior to local brain 

morphometry: the replication crisis

NKI

Significant (p <.05)
r = -.26

N = 135
61% female
Age: 20 -> 75

FZJ

Not significant (p > .05)
r ≈ 0

N = 87
54% female
Age: 21 -> 71



ROI-based confirmatory:

* Replication indexes:

Sign + p < .05

Bayes factor

Replicate

Not replicate

Anecdotal evidence H1

Anecdotal evidence H0

Moderate-strong evidence H0

Moderate-strong evidence H1

search whole-brain ROI-based test

?*
66.4

13.3

6.2

7.8

82.4

17.6

Healthy 
adults cohort:
(n = 466)
Perceptual    
IQ

Clinical dataset:
(n = 371)
Verbal learning

54.7

12.9

4.9

11.3

16.2

72,5

27,5

Kharabian,…& Genon, 2019, eLife

Which replicability for local GMV-behavior 

associations ?



CT (Freesurfer)

Which replicability for local CT-behavior 

associations ?

Kharabian,…& Genon, 2020, BioRxiv

Age

Spatial consistency:

%overlap

Delay discounting task 

Conscientiousness

Young healthy adults 

Exploratory: spatial consistency 

Search whole-brain, 100 split-half

N = 1206

34 behavioral measures

Benchmarks:

Heathy adults data: Age

Including composite score
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Relating brain structure to behavior

Interpretability

Interpretability

Interpretability

Interpretability



Regularized 

Canonical 

Correlation Analysis 

(RCCA)

Brain structural data:
• Cortical Thickness (CT)

• Surface Area (SA)

• Grey Matter Volume (GMV)

Relating brain structure to behavior

Nicolaisen-Sobesky,…,& Genon, under review 

Behavioural data:
• Alertness

• Cognition

• Emotion

1) Train set

2) Test

4) Hold-out set

3) Optimisation 

set

Machine Learning Framework: Multiple Holdouts

Code available at: https://github.com/anaston/cca_pls_toolkit

(Mihalik et al., 2020, Monteiro et al., 2016)

Within-dataset 

generalizability

Cross-dataset 

replicability

HCP young adults

HCP aging

Large datasets 

with similar 

brain and 

behavioral

measurments

https://github.com/anaston/cca_pls_toolkit


Relating brain structure to behavior

Nicolaisen-Sobesky,…,& Genon, under review 

r =.73 

HCP young adults HCP aging

Poster WTh595



Relating brain structure to behavior

Nicolaisen-Sobesky,…,& Genon, under review 

r =.81 

r =.56 

r =.69 

HCP young adults HCP aging

Poster WTh595
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Connectivity-based psychometric prediction

Relating variability in performance to 
variability in brain functional connectivity

Interpretability

Generalizability

Replicability

Score at test x



• Hypothesis-driven approach: a priori 

selection of specific regions/networks for 

the prediction

• Data-driven approach: How do we 

characterize each region/parcel’s 

association to a psychometric variable?

• Weight magnitude does not reflect the 

regions’ association strength with the 

psychometric variable

• Hard to get neurobiological insights

FC

Prediction 

(regression)

Evaluation

Regression weights

Predictive models of psychometric data

Interpretability
/neurobiological validity issue

Wu,…,& Genon, 2021, Cerebral Cortex 



(Schaefer 

et al., 2019)

• One predictive model for each brain region/parcel

r = 0.03

…

FC features
Total cognition 

composite 

score
133.76

106.85

72.15

122.99

…

Subject 1

Subject 2

Subject 3

Subject N

…

r = 0.32

…

Predictive models of psychometric data: 
interpretability

A region-based approach

Wu,…,& Genon, 2021, Cerebral Cortex 



1. Brain region’s perspective: 

psychometric profile across 

psychometric variables

2. Psychometric variable’s 

perspective: prediction performance 

distribution across brain regions

• Primary visual cortex

• Broca region

• Anterior hippocampus

• Crystallized cognition composite score

• (Working memory) 2-back task accuracy

• (Working memory) 2-back face task accuracy

Predictive models of psychometric data: 
interpretability

A region-based approach

Wu,…,& Genon, 2021, Cerebral Cortex 



Psychometric 

Profile
Broca region

Predictive models of psychometric data: 
interpretability

Wu,…,& Genon, 2021, Cerebral Cortex 



Prediction Performance Distribution
(working memory) 2-back task accuracy 

Predictive models of psychometric data: 
interpretability

Wu,…,& Genon, 2021, Cerebral Cortex 



Prediction Performance Distribution
(working memory) 2-back face task accuracy 

Predictive models of psychometric data: 
interpretability

Wu,…,& Genon, 2021, Cerebral Cortex 



Predictive models of psychometric data: 
replicability of brain-behavior patterns

Wu,…,& Genon, under review 

HCP-YA

HCP-A

eNKI-RS

GSP

Prediction accuracy

Cross-dataset replicability of brain predictive patterns for fluid cognition



Predictive models of psychometric data: 
cross-dataset generalizability

Wu,…,& Genon, under review 

Cross-dataset generalizability of fluid cognition

HCP-YA

Test 

Cohort

HCP-A

eNKI-RS

HCP-A

eNKI-RS

HCP-YA

eNKI-RS

HCP-YA

HCP-A

Training 

Cohort

Prediction accuracyPoster WTh068



Predictive models of psychometric data: 
biases in population minority

Li,…,Yeo & Genon, in press, Science Advances 

Human Connectome Project 

(HCP)

 N = 948; 22-37years

 58 behavioral measures

 #WA = 721, #AA = 129

Adolescent Brain Cognitive Development 

(ABCD)

 N = 5351; 9-11years

 36 behavioral measures

 #WA = 2997, #AA = 642



LARGER PREDICTION ERROR IN AFRICAN AMERICANS THAN MATCHED 

WHITE AMERICANS

Human Connectome Project (HCP) Adolescent Brain Cognitive 

Development (ABCD)

Only predictable behavioral measures are shown here.

Similar pattern by looking into all behavioral measures, or regressing different confounds, or modelling with a different algorithm. 
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Li,…,Yeo & Genon, in press, Science Advances 

Predictive models of psychometric data: 
biases in population minority



DIRECTION OF PREDICTION ERROR & POTENTIAL CONSEQUENCES

ABCD data - Achenbach Child Behavior Checklist

Li,…,Yeo & Genon, in press, Science Advances 

Predictive models of psychometric data: 
biases in population minority

Predicted – observed behavioral scores



EFFECTS OF TRAINING POPULATION

Compare 3 types of models, trained on:

a. AA only

b. WA only (same sample size as AA)

c. Half AA, half WA (combination of a. & b.)

ABCD dataset

Li,…,Yeo & Genon, in press, Science Advances 

Predictive models of psychometric data: 
biases in population minority



Conclusions

• Different brain parcellations reflect the complexity of brain organization

• Brain structural-behaviour (BSB) associations using traditional 
approaches show poor replicability

• Multivariate BSB mapping reveals new global, robust and cross-
cohort replicable patterns

• Connectivity-based predictions of behavioral phenotype

• Benefit from frameworks promoting interpretability

• Show limited cross-cohort replicability and generalizability

• Show fairness issues for minority groups

 More diverse datasets are needed to address replicability,
interpretability and generalizability issues
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