eimicn e GFOSS=ethnicity/race generalization failure of RSFC-based ' J U LICH

pisseldorf ) behavioral prediction and potential consequences Forschungszentrum

Jingwei Li'%3, Danilo Bzdok#43, Jianzhong Chen3, Angela Tam?3, Leon Qi Rong Ooi3, Avram Holmes®’, Tian Ge’3:9, Kaustubh Patil-2, Mbemba
Jabbil?, Simon Eickhoff!:2, B.T. Thomas Yeo31.* & Sarah Genon1:2*

Institute of Systems Neuroscience, Heinrich Heine University Dusseldorf, Disseldorf, Germany; 2Institute of Neuroscience and Medicine (INM-7: Brain and Behaviour), Research Centre Jllich, Julich, Germany; 3ECE, CSC, TMR, N.1 & WISDM, National
University of Singapore, Singapore; “BME, MNI, BIC, McGill University, Montreal, QC, Canada; °Mila-Quebec Artificial Intelligence Institute, Montreal, QC, Canada; ®Departments of Psychology and Psychiatry, Yale University, New Haven, CT, USA;
"Psychiatric and Neurodevelopmental Genetics Unit, Center for Genomic Medicine, Massachusetts General Hospital, Boston, MA, USA; 8Stanley Center for Psychiatric Research, Broad Institute of MIT and Harvard, Cambridge, MA, USA; °Department of
Psychiatry, Massachusetts General Hospital, Harvard Medical School, Boston, MA, USA; °Dell Medical School, Institute of Neuroscience & Department of Psychology, University of Texas at Austin, Austin, TX, USA; "Integrative Sciences and Engineering

Programme (ISEP), National University of Singapore, Singapore, Singapore. *Equal contribution.

rain.&
Behaviour

Introduction Methods

Machine learning (ML) plays an important role in 1. Datasets 2. Test AA and WA were matched for age, gender, head motion, intracranial volume (ICV,
precision medicine. However, algorithmic biases < Human Connectome Project (HCP): only for ABCD), parental education (only for ABCD) and behavioral scores.
that favor majority populations pose a key i I:NT I_-'{9'48; 22-37y; 58 behavioral measures /(A) HCP dataset. Procedure randomly repeated 40 times for each behavior. - (:)I:!:B(h:l()1 :Ztaset‘.hl’;)ceiucrle V::rfonned f(l);e.ach behavior.
challenge to ML applications (Chouldechova 2018; preprocessing: o Oter racesthicis wchoarr I it 19 sites. .
Martin 8019; Obefrgeyer 201(9). In neuroimaging, ICA-FIX + global signal regression (Li 2019) e ] | - & | .- § .
there is growing interest in the prediction of % Adolescent Brain Cognitive Development (ABCD): o~ ~~—0o_ — D m - Q’--_ 0
behavioral phenotypes based on resting-state > N =5391; 9-11y; 36 behavioral measures ' = O\ grpmoer— — ——=aa L,/
functional connectivity (RSFC: Finn 2015, 2021: » FMRI preprocessing foIIowe_d Chen ?OZO. Remaining WA + oher racescthnicites s | @U’ B |
Greene 2018). But dicti b unf o ] RSFC compute_d across 400 c_ortlcal regions (Schaefer 2018) H N N W e (T T T - |

| : prediction biases/uniairness in and 19 subcortical regions (Fischl 2002). 7 {ssose { 5 }
this context were not assessed in the literature. @) Viguaily spithhRsvbiects o 0/51as (o RsilysoverlapraseossFolad) o) — |

(A) HCP ethnicities/races (B) ABCD ethnicities/races

@ : Select 101 WA that matched the age, gender, FD, DVARS and behavioral scores of the 101 AA
participants. The matching was performed at the subject level, rather than at the group level.

Especially, predictive models were typically built

@ : For each site, select the pairs of AA & WA which were matched in the age, gender, FD,
DVARS, intracranial volume, and parental education. The matching was performed at the subject

by ca p |ta| |Z| N g on Ia rg e CO h O rtS Wlth m |Xed eth N | C (3 : Randomly split the remaining subjects in to 10 folds (no family overlap across folds). level, rather than the group level.

@ : For each fold, combine corresponding AA, WA, and other subjects. () : Merge 19 sites into 10 sets so that # matched AA were as balanced as possible across sets.

group, in which the proportions of certain ethnical
groups, e.g. African Americans (AA), are limited.
Whether the models perform equally well across
different ethnic groups was unclear.

By using two large-scale neuroimaging datasets

@ : Select 3 sets as test folds (red bounding box), the remaining 7 sets as training folds, yielding
120 possible data splits.

3. Machine learning models

% Confound regression
Before ML modelling, age, gender, head motion, ICV, education (parental education for ABCD
data), family income (on for HCP data) were regressed from both RSFC and behavioral scores.

a® »

White Americans (76.1%

from- the Unlted States’ We Compared the - ::;C:’/‘ :ar:iireic::\i/giz.:?;her Pacific Islander (6.2%) (. x\:’:::nAAr«nanri::::?flog/:’/i) ’:’ Kerne' ridge regreSSiOn (KRR)
prediction accuracy between AA and white Indian Americans / Alaskan natives (0.2%) Hispanic (19.7%) » The behavior of a test subject is more similar to the behavior of a training subject if their brain
Americans (WA) when ML models were trained = ot 1005 organizations are more similar.
on different composition of ethnic groups. We > Inter-subject similarity (i.e. kernel): correlation of subjects’ RSFC matrices.
observed Iarger.prediction errors in.AA than WA 4. Brain-behavior association (BBA; Haufe 2014) < Cross validation (CV): o N |
for most behavioral measures, which was On|y > Model-learned BBA: . HCP: nested 10-f0|d CV ABCD 120 variations of tral.nlpg—test data split.
limitedly affected by the composition of training covariance[RSFC, predicted behavioral scores] * Accuracy metnggzedmtwe COD (AA as example, similar tor WA)
population. We also investigated potential across training subjects pLODya =1 == "~ where
downstream consequences of biased predictions > True BBA in each ethnic/racial group (either AA or WA): SSE,4 = Y (AA test predicted score — AA test true score)?
of behavioral phenotypes if they were used covariance[RSFC, true behavioral scores] SSTiaewa = Y. (matched AA&WA training true score — E[matched AA&WA training true score])?
uncritically. across test subjects in that group. Assumption: total data variance is not group specific.
Results
1. Full-dataset model yielded higher prediction error in AA than in WA 3. Training population only had limited effect on prediction bias
Following the literature convention, models were trained on all ethnic groups in the datasets. Compare 3 types of models, trained on: ) . E,umqir ofztg)eha\znsors 0 as
. ] AA ] WA - -] Difference 1 Null difference a. AA only All-AA | . . . - - } - Acc = predictive COD
HCP 8 & ¥ @ @ ABCD & ® = @ . model
“Fos. o8- b. WA only (randomly selected, same B WA better than AA
0.4 ignifi i
g 5 g 04 c. Half AA, half WA Combined Nersignilicant diference
'3;: 0 : g . | (combination of a. & b.) model
3 3 ot @ . » Training only on AA helped to reduce prediction bias against AA
% Or - B gg - % -0.2 - » Prediction accuracy was still in favor of WA
> >
) B -0.4 - . . i r
g -0.2- é S 4. Different brain-behavior associations learned from AA only vs from WA only
© S ke Model-learned brain-behavior association
-0.4 . . . ' . : -0.8 T T . . T T g T i ] Model-learned brain-behavior association when trained on all AA when trained on randomly-selected WA
‘ (\,\&\0“ \@o@‘“@ “\060‘5\@60\ %Qeeé g(;\&\of;\g,o& e 690&\23‘0& (300\\ @cﬁ‘\ 0° 6{\\0“%06\(‘9 Positive Negative Positive Negative
.3\0‘\e @(\Qc" oF e \(\009’9 gé\(\g o ® 2 N e\xoo? (\\00‘ 0(\0(\0 ,63\0\‘,63\0 A S 3o ® \*@0 Long delay recall
%Qa\\ \Q‘o A\ OQe ?‘00 \0\\\ ((\06\ \0\\)‘ (\0\\0 Q\Q( %\(\06 0(\(} O\le ?\ \‘\0‘&
00‘6\(\ ‘\\&\\10 0 «\\(\g '’ &\\‘e\\) 366\(\ \.
&« (‘)0g e*eo\) s
2. Direction of prediction error of individual behavioral phenotype:
- Worrisome downstream consequences
Example: Achenbach Child Behavior Checklist in the ABCD dataset
Predicted - Original Behavioral Score
s 19, * 1.2 2 * D5, *
1.51 '
0.6 0.8 0.8; 0.6; E.g., association between Visual A — Limbic B functional connectivity and the behavior Long delay recall learned by model:
0.6 0.6 . 1.5] AA » Strong negative association when models were trained only on AA [column 2]
0.4 ' ' 0.4; . WA » Slightly positive association when models were trained only on WA [column 3&4]
0.4 0.4, i . . L .
0.2 0.5 0.5 0.2. 05. 5. More similar model-learned versus true brain-behavior associations in the higher-accuracy group
0.2 ] B HCP C ABCD
0. < 0: = 0 o Ot ;— 0 S 0 < 1 < o7y : Better model performance in one group is
N . R\~ _ :
&,&s\ & ~6\0® 6‘?’& 0\0@ Q\&«l ) %%\4;\ & > osl D 0.6- possibly begause the merI Iearngd better
P QO O O ‘0&0\\@ q&o’b = = 05 | representation of true brain-behavior
& Y N S R O g %°r Correlation: r = 0.06 Q 04 Correlation: r=0.15association in this group.
© %oo 0‘9 caé'\ < > 04} o 2
N\ V‘§' > 2z o2} . .
2 02Ff 5 4l : : —
> AA children were more overpredicted in Rule-breaking behavior, Aggressive behavior 14 @ 0;_—
etc., compared to WA children. c O S o1l
» These behavioral aspects are often used for mental disorder diagnosis. Y B Y
, , , , L , 005 0 005 0.1 0.15 02 025 0.3 0.35 -04-03 -02 -01 0 01 02 03 04
> An overestimation in these behavioral measures could lead to more false positives in Similarity (leamed vs. real BBA): WA - AA Similarity (leamned vs. real BBA): WA - AA

diagnOSiS in AA. BBA: brain-behavior association
Discussion
* Models built on mixed ethnicities using popular fMRI datasets predicted behavioral measures of » Call for more data collection from non-European-descendant / non-white populations, to learn better
AA with worse accuracies than matched WA. representation of minor populations.
« For some behavioral measures, more under-/over-predicted scores of AA could lead to - Consider even more minor groups (e.g. native Americans in the US population)

worrisome consequences (e.g. more false positives of disorder diagnosis). . Africans in Africa = African Americans

Training specifically on AA helped to reduce prediction bias against AA.
However, AA-trained models still generate predictions in favor of WA.

« Subgroups in the currently defined ethnic/racial categories (e.g. Chinese vs Indian, both as “Asian”)
« Be aware of similar issue in other countries (e.g. Chinese datasets dominated by Han)

* |maging side:
preprocessing strategies/parameters were optimized on white-dominated samples (e.g. brain
templates, functional atlases)

« Minority groups are not only limited in the context of ethnicity, e.g. people who are with lower social
classes.

« This study aims to promote fairness of future applications of artificial intelligence across populations
« NO conclusion regarding neurobiological / neurocognitive difference across groups should be drawn.
« Structural inequality: historical, societal, educational factors play important roles in the outcome.

« Behavioral side:
standard measures (or tools) suitable / valid for minorities?

Model learned different representations of brain-behavior association from AA vs WA.
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