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• Normative brain modeling has recently been used to derive individual-level deviation in 
quantitative neuroimaging phenotypes.1,2,3

• Choice of algorithms lacks empirical support from direct comparative benchmarking.

• evaluate commonly used normative modeling algorithms in building normative neuroanatomical 
models

• establish the minimum sample size required for reliable model performance
• present normative neuroanatomical models of high generalizability & an open-access web portal 

to the research community

• model optimization sample & samples for evaluating generalizability across diverse
ethnoracial groups or genetic ancestry

• 150 FreeSurfer7 measures

• Data analysis procedures

① pre-trained sex-specific normative neuroanatomical models
② a functionality to generate individual-level normalised deviations of user data
③ full scripts for generating normative models in any user-specified T1-weighted MRI datasets

• We present an open-access web portal with:

4. S. Frangou, A. Modabbernia, et al., Human Brain Mapping, 2022.
5. B.J. Casey, T. Cannonier, et al., Developmental Cognitive Neuroscience, 2018.
6. K. Miller, F. Alfaro-Almagro, et al., Nature Neuroscience, 2016.
7. B. Fischl, NeuroImage, 2012.

①Data are from 87 cohorts include ENIGMA-Lifespan Working Group4, ABCD5, UK-Biobank6 etc.
②Only participants considered free of psychiatric disorders, medical and neurological morbidity, and cognitive 

impairment at the time of scanning are included.

• Results of female participants are presented in this section, and all conclusions can be generalized to males.

https://centilebrain.org

• Optimal algorithm: FRP 
algorithm with its best predictive 
performance and reasonable 
computational efficacy

• Optimal model: FPR algorithm with the nonlinear fractional polynomials of age and linear global measure
of the corresponding anatomical measure.

• The CentileBrain model generalizes to different ethnoracial groups.

ABCD sample, aged 9-11 years

4 diverse samples by self-report 4 diverse samples by genetic testing

females 
males

Model optimization 
sample (N=37,407)

• Samples below 1,000 are 
likely to yield unreliable 
normative models.

• Collectively, a sample 
size above 3,000 is a 
decent size to generate a 
robust normative model.

① predictive performance, MAE 
(mean absolute error): FPR≈ 
WBLR≈GPR≈LMS<GAMLSS
<BLR≈OLSR≈HBR

Self-reported Ethnoracial Categories: Genetically Determined Ancestry:

Handling site effects
• For the HBR, WBLR, 

GPR, and GAMLSS, site 
effects were modeled as 
random effects as 
recommended by prior 
literature.

• For all other algorithms, site-
harmonization used ComBat-
GAM as this approach has 
the potential to generate 
models without having to 
recalculate model
parameters for each unseen 
dataset.

FreeSurfer outputs include cortical 
thickness of 68 parcels, surface 
area of 68 parcels (Desikan-Killiany 
atlas), and 14 subcortical volumes 
(Aseg atlas).Desikan-Killiany atlas FreeSurfer Aseg atlas

② CPU time: OLSR≈10ms, 
FPR≈500ms, BLR≈GAMLSS≈ 
LMS≈WBLR≈5,000ms,
HBR>5mins and GPR>30minutes.

https://centilebrain.org/
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