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Methods

Dataset: Human Connectome Project (HCP; Van Essen 2013; Smith 2013) S1200 release (N =
948, incl. 129 African Americans, 721 White Americans, 58 behaviors)

RSFC preprocessing:

» |CA-FIX (Salimi-Khorshidi 2014) + global signal regression (Li 2019)

» RSFC across 400 cortical (Schaefer 2018) & 19 subcortical (Fischl 2002) ROls.

AA-WA differences vary using different accuracy metrics

Higher behavioral variance & prediction shift in AA than matched WA

While machine learning will likely play
a major role in precision medicine, there
are growing concerns that machine
learning algorithms might exhibit
unfairness against under-represented

Possible reasons of inconsistency between predictive COD & Pearson’s correlation:

1. Overall shift of predicted scores, i.e. 2. Variance of true behavioral scores:
(E[predicted score] — E[true score])? AA> WA, e.g.:

cannot be captured by correlation, e.g.:
Working Memory (List Sorting)

 All analyses focused on the 101 matched AA & WA groups. No significant difference
was found between the two groups for the 5 matching variables (FDR q < 0.05).

« The same confounding variables were regressed from either behaviors or RSFC:
age, sex, FD, DVARS, education, household income, intracranial volume.

Predictive COD

Anger - Aggression

Accuracy metric: Pearson’s correlation 16 r

1 “Predictable behavior’: survived the permutation test by shuffling the predicted scores across subjects
(FDR g< 0.05), and the predictive COD (or Pearson’s correlation) value is positive in either AA or WA.
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potential differences in RSFC-based
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Match w.r.t. age, sex, FD, Combine & split to
DVARS, behavior 10 folds

most behaviors examined. However,
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# behaviors predictable
(using predictive COD)

# behaviors with significant AA 10 6
vs WA accuracy difference 8 (WA>AA); 2 (AA>WA) 3 (WA>AA); 3 (AA>WA)

23

29

data for minorities to be collected, to
better understand the reasons causing
different model performances among the
subpopulations.
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o Asian Brifish
even after regressing confounding variables such as education, more data for the minorities need to be collected. | ® A:rl:;n ;t::iSh
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