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Abstract 

Brain age algorithms, which estimate biological aging from neuroimaging data, are increasingly 

used as biomarkers for health and disease. However, most algorithms are trained on datasets 

with limited racial and ethnic diversity, raising concerns about potential algorithmic bias that 

could exacerbate health disparities. To probe this potential, we evaluated six popular brain age 

algorithms using data from the Health and Aging Brain Study–Health Disparities (HABS-HD), 

comprising 1,123 White American, 1,107 Hispanic American, and 678 African American 

participants, ages ≥50. Comparing correlations between brain age and chronological age across 

racial/ethnic groups, relations were consistently weaker for African American participants 

compared to White and Hispanic American participants across most algorithms (ranging from 

r=0.51-0.85 for African Americans vs. r=0.57-0.89 for other groups). We also examined error for 

brain age v. chronological age and found significant differences in median errors across 

racial/ethnic groups, though specific patterns varied by algorithm. Sensitivity models weighting 

for age, sex, and scan quality noted similar patterns, with all algorithms maintaining significant 

differences in correlation or median prediction error between groups. Our findings reveal 

systematic performance differences in brain age algorithms across racial and ethnic groups, 

with most algorithms consistently showing reduced algorithm accuracy for African American 

and/or Hispanic-American participants. These biases, which are likely introduced at multiple 

stages of algorithm development, could impact clinical utility and diagnostic accuracy. Results 

highlight the urgent need for more inclusive algorithm development and validation to ensure 

equitable healthcare applications of neuroimaging biomarkers. 
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INTRODUCTION 

While the causes of aging remain poorly understood, its impact is clear. A growing proportion of 

the global population shows age-associated functional decline and disease (Z. Li et al., 2021). 

To better understand pathways to longevity and age-related deteriorations, researchers 

increasingly focus on "biological age" and its divergence from chronological age. These 

approaches examine telomeres, epigenetics, and other molecular and cellular markers to 

provide more precise measures of morbidity and mortality risk (Mather et al., 2011; Pal & Tyler, 

2016). 

 

Novel biological age metrics have emerged by applying machine learning algorithms to 

neuroimaging data to calculate "brain age." By leveraging large datasets containing age and 

neuroimaging scans, researchers can estimate brain age in new participants using only 

neuroimaging data. These estimates, typically derived from structural MRI scans, often diverge 

from chronological age, suggesting alterations in biological aging. This divergence is significant 

because aging affects individuals non-uniformly, both within and between people. Given the 

brain's central role in regulating behavior and neuroendocrine processes, brain age metrics may 

serve as particularly predictive indicators of age-related mortality and morbidity. This has led to 

a rapid rise in research groups using brain age, with this metric being employed as a potential 

biomarker for neurodegeneration, cognitive decline, and multiple issues of importance to public 

health (e.g., schizophrenia, major depression, bipolar disorder (Baecker et al., 2021). 

 

While focusing on brain age could enable more comprehensive models of biological aging and 

biomarkers for predicting important clinical outcomes (Cole et al., 2019), there is variability in 

how these algorithms are developed and implemented. As reviewed by (Dörfel et al., 2023), 

there are variations in the data analytic techniques (e.g.,  Convolutional Neural Network; Ridge 

Regression, Gaussian Process Regression), the brain features used (e.g., derived regions of 
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interest; MRI voxels), and the data used for training. This latter element may be of particular 

concern as many brain age algorithms are trained on well-established MRI datasets like the UK 

Biobank, the Cambridge Centre for Ageing Neuroscience dataset, Alzheimer’s Neuroimaging 

Initiative, the Open Access Series of Imaging Studies, and other projects (Piçarra & Glocker, 

2023). Many of these publicly available datasets tend to be demographically skewed, especially 

in terms of ethnic and racial diversity, with Non-hispanic White subjects often composing the 

near totality of participants.  

 

The composite of an algorithm’s training dataset may have major implications for its ability to be 

widely applied, especially to ethnic and racial minority groups and other populations 

underrepresented in research. For example, when detecting skin cancer, cutting edge machine 

learning approaches were initially found to perform on par or superior to dermatologists (Esteva 

et al., 2017); however, further investigations showed that these algorithms perform quite poorly 

on dark skin tones and uncommon diseases (Daneshjou et al., 2022; Kleinberg et al., 2022). 

Notably, there have been suggestions of potential racial or ethnic biases in the quantification of 

biological age, such as epigenetic age (Philibert et al., 2020). Put another way, if developed 

without diverse representation, biological age calculators could potentially miscalculate age for 

individuals in marginalized groups, which may have downstream negative consequences for 

their clinical utility and increase health disparities (Chen et al., 2023). Related to brain age and 

how these algorithms are typically developed using data primarily from Non-hispanic White 

subjects, it will be critical to examine if different commonly used brain age algorithms generate 

comparable predictions for white and non-white participants. This is particularly important given 

that brain aging is being investigated in diverse cohorts and divergent patterns of brain aging 

are being reported between different racial and ethnic groups (Dempsey et al., 2023; Turney et 

al., 2023). No study, to our knowledge, has examined if commonly-used brain age algorithms 

exhibit potential bias in racial and ethnic minority groups.  
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To fill these gaps, here we leveraged a publically accessible dataset of White, Black, and 

Hispanic participants and compared brain age prediction between groups. Processing these 

datasets through six commonly-used brain age algorithms (4 algorithms using 

Freesurfer-derived outputs; 2 algorithms using less processed T1-weighted MRI scans), we first 

calculated the correlations between brain age and chronological age for each participant and 

algorithm, and tested for differences in these correlations between racial and ethnic groups. We 

then examined group differences in algorithmic error using non-parametric ANOVA methods. 

Given past work finding systematic biases for racial or ethnic minority groups in medical 

algorithm prediction, we predicted that the accuracy for Non-hispanic White subjects would be 

superior to Black and Hispanic participants for a number of commonly-used brain age 

algorithms. To address potential confounding variables, we also implemented a propensity score 

weighting approach as a secondary analysis. This allowed for balancing key demographic 

characteristics across groups, thereby isolating the effects of race/ethnicity on algorithm 

performance from other potentially confounding factors.  

 

METHODS 

 

Participants 

The Health and Aging Brain Study–Health Disparities (HABS-HD) is an ongoing study that aims 

to discern the factors underlying racial/ethnic differences in rates of Alzheimer’s Disease and 

develop targeted medical interventions for this disorder (Clark et al., 2024; Hall et al., 2022; 

O’Bryant et al., 2021). First established in 2017 as the Health and Aging Brain among Latino 

Elders study, the HABS-HD study was approved by the University of North Texas Health 

Science Center Institutional Review Board. While the project initially aimed to elucidate the 

causes of differences in neurocognitive outcomes between Mexican Americans and non 
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Hispanic Whites only, the study now also recruits African-Americans and currently aims to 

recruit 1,000 participants for each racial group (Hall et al., 2022; O’Bryant et al., 2021).  

 

HABS-HD participants are currently required to be adults aged 50 or older, to be fluent in 

Spanish or English, and identify as Black/African American, Hispanic, or Non-Hispanic White 

(O’Bryant et al., 2021). Included participants are also required to be eligible to undergo brain 

scanning. Participants are excluded from HABS-HD if they have a severe medical or mental 

illness (other than depression) with the potential for effects on cognition and/or traumatic brain 

injury with a loss of consciousness within the past year. All study participants give written 

informed consent. 

 

For the current study, to minimize overlap between the groups, participants who endorsed both 

“White” and “Black” (N = 2) were excluded. Hispanic participants who endorsed “Black” (N = 8) 

and/or non-Mexican Hispanic ancestry (N = 12), as well as those who did not endorse “White” 

(N = 16) were also excluded. The sample was further filtered to exclude participants with Euler 

numbers greater than 100 (N = 24) as well as participants whose MRI scans had CAT12 grades 

less than .8 (N = 4). Euler numbers and CAT12 grades are metrics of MRI scan quality. The final 

sample consisted of a total of 2907 participants, of which 1123 were White American, 1106 were 

Hispanic American, and 678 were African American. Table 1 details the study’s demographics. 
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Table 1.  

Age, Sex, and Euler Number by Group 

Characteristic Black ​
N = 6781 

Hispanic ​
N = 1,1061 

White ​
N = 1,1231 

Age 62.83 (7.84) 63.22 (8.06) 68.53 (8.69) 

Sex    

F 439 / 678 (65%) 740 / 1,106 (67%) 642 / 1,123 (57%) 

M 239 / 678 (35%) 366 / 1,106 (33%) 481 / 1,123 (43%) 

Euler Number 21.79 (15.19) 17.87 (11.30) 21.67 (14.02) 

1Mean (SD); n / N (%) 
Caption: Tabulated here are the sample sizes, the mean and standard deviation of age and 

Euler Number, and the numbers and percentages of each sex, for each racial/ethnic group. 

 

Brain Age Algorithms 

We deployed six brain age algorithms on this dataset: (Cole et al., 2018) (referred to as 

“brainageR”), (Kaufmann et al., 2019) (referred to as “XGBoost”), (Bashyam et al., 2020) 

(referred to as “DeepBrainNet”), (Han et al., 2021) (referred to as “ENIGMA”), (Leonardsen et 

al., 2022) (referred to as “Pyment”); and (Yin et al., 2023) (referred to as “USC”). We selected 

these algorithms based on popularity in recent brain age publications and their open access 

code. For DeepBrainNet and brainageR, T1-weighted MRI scans are preprocessed using 

SPM12 (brainageR) or multi-atlas label fusion and FMRIB’s FLIRT (DeepBrainNet) before input 

into each algorithm. In contrast, Pyment, XGBoost, ENIGMA, and USC require preprocessing 

using Freesurfer (Fischl, 2012), an open-source MRI processing software package completed 

using brainlife.io (Hayashi et al., 2024). We provide brief summaries of each algorithm below. 

For detailed descriptions of model structure, please see the original papers cited here.  

  

brainageR Algorithm (Cole et al., 2018) 
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brainageR loaded T1-weighted MRI images into SPM12 where these anatomical images were 

bias-corrected, segmented and normalized with custom brain templates. After this, the resulting 

segmented and normalized images were loaded into R (Cole et al., 2018), where gray matter, 

white matter, and CSF were then vectorized. The rotation matrix of a previously calculated 

Principal Components Analysis was then applied to these vectors to predict age values with 

kernlab (using a Gaussian Process Regression with Radial Basis Function kernel and default 

hyperparameters). This algorithm (version 2.0, 24 Sep 2019) was trained on a sample (N=2001) 

of healthy adults aged 18-90. Relevant code is available at: 

https://github.com/james-cole/brainageR. 

  

DeepBrainNet Algorithm (Bashyam et al., 2020) 

DeepBrainNet is a 2D Convolutional Neural Network (CNN) built using the inception-resnetv2 

framework and pre-trained on ImageNet (Bashyam et al., 2020). With this algorithm, raw, 

unprocessed, T1-weighted MR images are N4 bias corrected, skull-stripped, and affine 

registered with FMRIB’s FLIRT to a common atlas space. This algorithm was implemented 

through the ANTsRNet package, an implementation of Advanced Normalization Tools (ANTs) in 

the R programming language (Tustison et al., 2021). This algorithm was trained on a sample (N 

= 11,729) of healthy controls aged 3-95. Relevant code for this algorithm is located here: 

https://github.com/ANTsX/brainAgeR.  

  

XGBoost Algorithm (Kaufmann et al., 2019) 

XGBoost uses gradient tree boosting to predict brain age based on 1118 features extracted 

using Freesurfer (Kaufmann et al., 2019), such as thickness, area, and volume measurements 

(Glasser et al., 2016). This algorithm was trained on a large and diverse sample (N=35,474, 

ages 3-89) as well as trained separately for male and female brain age. We deployed this 

algorithm by first completing standard processing approaches in Freesurfer 7.1 (http:// 
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surfer.nmr.mgh.harvard.edu), which includes motion correction and intensity normalization of 

T1-weighted images; removal of non-brain tissue; automated Talairach transformation; 

segmentation of white matter and gray matter volumetric structures; and derivation of cortical 

thickness. Relevant code for the XGBoost algorithm is available at: 

https://github.com/tobias-kaufmann/brainage 

  

ENIGMA Algorithm (Han et al., 2021)  

The ENIGMA algorithm used ridge regression based on Freesurfer features (as noted above) 

and was developed based on data from N = 2,188 (aged 18-75) participants (Han et al., 2021). 

Notably, these data were split within each of 19 scanning sites into training and test sets with 

equivalent chronological age distributions. Freesurfer-derived structural MRI measures from 

both the left and right hemispheres were combined to create 77 brain features, including 

subcortical volumes, cortical thickness, and surface area. Normative models were then 

estimated using ridge regression in a training sample of male and female controls, with brain 

age estimated separately for each sex. Relevant code for this algorithm is located here: 

https://photon-ai.com/enigma_brainage.  

  

Pyment Algorithm (Leonardsen et al., 2022)  

The Pyment algorithm implemented a Simple Fully Convolutional Network on T1-weighted 

structural magnetic resonance images. These images were partially preprocessed in FreeSurfer 

(using this software’s auto-recon steps) before being reoriented to the standard FSL and 

registered linearly using FLIRT. The training dataset was one of the largest and most diverse 

datasets assembled (N= 53,542, ages 3-95), stratified by age and study. Notably, data from the 

older participants (>40 years) in the training set was primarily derived from the UK Biobank. 

Additional technical details are available in the original report (Ref. (Leonardsen et al., 2022)). 

Relevant code for this algorithm is located here: https://github.com/estenhl/pyment-public 

9 

 . CC-BY-NC 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 19, 2025. ; https://doi.org/10.1101/2025.09.18.25336117doi: medRxiv preprint 

https://surfer.nmr.mgh.harvard.edu/
https://github.com/tobias-kaufmann/brainage
https://www.zotero.org/google-docs/?0cTVIm
https://www.zotero.org/google-docs/?KZomFW
https://photon-ai.com/enigma_brainage
https://www.zotero.org/google-docs/?SGdf6s
https://www.zotero.org/google-docs/?HbWRVH
https://github.com/estenhl/pyment-public
https://doi.org/10.1101/2025.09.18.25336117
http://creativecommons.org/licenses/by-nc/4.0/


 

  

USC Algorithm (Yin et al., 2023) 

The USC algorithm leverages an interpretable three-dimensional convolutional neural network 

(CNN) to estimate brain age based on T1-weighted MRI images. This algorithm was trained and 

tested on fMRI data from N = 4,681 (22-95 y) cognitively normal participants from four 

independent samples, with most data derived from the UK Biobank. All MRIs were 

reconstructed and segmented in FreeSurfer using the recon-all function, and registered to the 

MNI305 atlas. MRIs were then input into a deep learning regression model that utilizes three 

convolutional blocks followed by two dense layers to generate brain ages. Relevant code for this 

algorithm is located here: https://github.com/irimia-laboratory/USC_BA_estimator 

 

MRI Image Quality Assessment 

To assess structural image quality, we calculated the Euler number for each participant using 

FreeSurfer's cortical surface reconstruction output. The Euler number is a quantitative measure 

of topological complexity of the reconstructed cortical surface, calculated separately for each 

hemisphere and averaged to produce a single value per participant. In the present study, we 

were motivated to account for this metric because: (1) Euler Number and Freesurfer outputs 

such as cortical thickness are correlated with MRI quality (Gilmore et al., 2021; Rosen et al., 

2018) and (2) brain age is correlated with MRI quality even after removing poor-quality structural 

images (Bacas et al., 2023; Hanson et al., 2024). 

 

Statistical Analyses 

To understand potential biases in the calculation of brain age for different racial and ethnic 

groups, we deployed tests of differences between independent correlations to compare 

chronological age and brain age correlations for each algorithm and for each racial/ethnic group. 

After dividing the sample by race/ethnicity, we first computed bivariate CA-BA correlations for 
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each brain age algorithm and for each group (6 algorithms x 3 ethnic groups = 18 total 

correlations). Separately for each algorithm, Fisher’s z and Zou’s tests (α = 0.05) were then 

utilized to compare the chronological age and brain age correlations between: (a) White- and 

African-American; (b) White- and Hispanic-American; and (c) Hispanic- and African-American.  

 

Next, we probed differences in error for each algorithm between racial/ethnic groups. Of note, 

this was calculated as the raw prediction errors (predicted - actual) without an absolute or 

squared value transformation. Given concerns about algorithmic bias in medical applications 

and our hypothesis that brain age algorithms may systematically over- or under-predict age for 

different demographic groups, it was critical for our comparison to preserve positive or negative 

errors in predicted values. Other common performance metrics (e.g., Mean Absolute Error; Root 

Mean Squared Error) would obscure over-prediction and under-prediction as equivalent failures. 

For each algorithm, Kruskal-Wallis rank sum tests (α = 0.05) were deployed to compare the 

median errors of the racial/ethnic groups. This was used because the characteristics of the 

dataset violated the assumptions of a parametric ANOVA. If a Kruskal-Wallis rank sum test was 

significant, post-hoc Dunn’s tests were used to identify which groups differed significantly by 

median error.  

 

As an additional sensitivity analysis and to limit potential demographic confounding, propensity 

scores were estimated with age, sex, and Euler number in relation to race/ethnicity. These 

propensity scores were then used to calculate inverse probability weights, allowing for the 

computation of the average treatment effect of race/ethnicity in subsequent statistical models 

while retaining all participants in the analysis. Using the propensity score weights, we first 

computed weighted correlations between brain and chronological age separately for each group 

and algorithm (ANTS, brainageR, ENIGMA, Kaufmann, Pyment, USC). These weighted 

correlations were then compared across groups for each algorithm, using the same analyses 
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that were utilized in the full sample. We then conducted weighted Kruskal-Wallis tests for overall 

group differences in brain age prediction errors for each algorithm. Because weighted Dunn’s 

tests were not available in R, significant weighted Kruskal-Wallis tests were instead followed by 

weighted pairwise Wilcoxon tests.  

 

RESULTS 

 

Analyses in Full Sample 

Correlations between brain age and chronological age for each racial and ethnic group are 

shown in Table 2 and Figure 1. These ranged from r=.58-.89 for White participants, r=.51-.85 for 

African American participants, and r=.57-.88 for Hispanic participants.  

 

Table 2.  

Correlation Between Brain and 
Chronological Age by Algorithm 

Algorithm White Black Hispanic 

brainageR 0.76 0.65 0.75 

DeepBrainNet 0.77 0.72 0.77 

ENIGMA 0.58 0.51 0.57 

Pyment 0.89 0.85 0.88 

USC 0.80 0.70 0.76 

XGBoost 0.72 0.62 0.68 

 

Caption: Bivariate correlations between brain age and chronological age were calculated 

separately for each algorithm and racial/ethnic group. 
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Figure 1.  

 

Caption: Scatterplots depicting the linear regression line for WA (Blue), AA (Orange) and MA 

(Green) for brainageR (A), DeepBrainNet (B), ENIGMA (C), Pyment (D), USC (E), and XGBoost 

(F). Points are sized by the magnitude of the prediction error. 
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Across algorithms, correlations between brain age and chronological age were often 

significantly different when comparing African American participants to White or Hispanic 

American participants. When comparing White and African American participants, five of the six 

algorithms showed significantly different correlations between brain age and chronological age. 

Specifically, differences were found for brainageR (p-uncorrected < 0.001, p-fdr < 0.001, z = 

4.70, CI = 0.065-0.166), XGBoost (p-uncorrected < 0.001, p-fdr < 0.001, z = 3.81, CI = 

0.049-0.158), Pyment (p-uncorrected = 0.002, p-fdr=0.008,  z = 3.05, CI = 0.013-0.061), 

DeepBrainNet (p-uncorrected = 0.009, p-fdr=0.022, z = 2.63, CI = 0.014-0.101), and USC 

(p-uncorrected < 0.001, p-fdr < 0.001, z = 4.63, CI = 0.055-0.142).  

 

Comparing African American and Hispanic participants, five of six algorithms showed 

differences (USC: p-uncorrected= 0.023, p-fdr=0.043, z = 2.28, CI = 0.007-0.099; XGBoost: 

p-uncorrected = 0.027, p-fdr= 0.043, z = 2.22, CI = 0.007-0.120; Pyment: p = 0.024, 

p-fdr=0.043,  z = 2.26, CI = 0.004-0.053; brainageR: p-uncorrected < 0.001, p-fdr < 0.001, z = 

4.16, CI = 0.053-0.155; DeepBrainNet: p = 0.025, p-fdr= 0.043, z = 2.25, CI = 0.006-0.094). 

Lastly, examining White and Hispanic participants, only USC showed significantly different 

correlations between brain age and chronological age (p-uncorrected = 0.007, p-fdr= 0.021,  z = 

2.70, CI = 0.012-0.078). No significant differences between White Americans and Hispanic 

Americans were found between the correlation coefficients for the other algorithms 

(z=0.123-1.823). Notably, differences were not seen between any of the groups for the ENIGMA 

algorithm (z=0.123-1.86), but correlations between brain age and chronological age were also 

the lowest for this algorithm (r=.51-.58). 

 

In addition to examining correlations between brain age and chronological age, we also probed 

the performance error by subtracting chronological age from brain age for each individual and 

each algorithm. Figure 2 shows the distributions of median errors by race and ethnicity for each 
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algorithm, while Table 3 contains the median errors for all algorithms and groups. For all 

algorithms investigated, Kruskal-Wallis tests indicated that the median errors of the racial/ethnic 

groups significantly differed from one another (brainageR: H = 16.19, p  < .001; DeepBrainNet: 

H = 13.5, p = 0.0012; ENIGMA: H = 106.9, p < 0.001; Pyment: H = 29.96, p < 0.001; USC: H = 

103.02, p = < 0.001; XGBoost: H = 127.05, p < 0.001). 

 

Figure 2. 

 

Caption: Error distributions for brainageR, DeepBrainNet, ENIGMA, USC, and XGBoost, 

depicted separately for Black participants (orange), Hispanic participants (green), and White 

participants (blue).  
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Table 3. 

Median Error by Algorithm 

Full Sample 

Algorithm White Black Hispanic 

brainageR -1.89 -2.89 -3.24 

DeepBrainNet -1.40 -1.03 -2.14 

ENIGMA -8.96 -5.52 -5.95 

Pyment -2.98 -1.97 -2.65 

USC -2.06 -1.93 -0.03 

XGBoost -7.93 -4.82 -5.36 

Caption: Median Error for each racial/ethnic group and algorithm in the full sample.  

 

Post-hoc tests, however, revealed inconsistent–and in some instances, contrasting–patterns of 

intergroup differences across algorithms. Greater error in brain age prediction for African 

American compared to White American participants was found only for brainageR (z =-3.24, 

p-uncorrected=0.001, p-fdr= 0.002), whereas three algorithms had greater error for White 

American compared to African American participants; these were ENIGMA (z=8.76, 

p-uncorrected < 0.001, p-fdr < 0.001), Pyment (z=5.40, p-uncorrected < 0.001, p-fdr < 0.001), 

and XGBoost (z=9.20, p-uncorrected < 0.001, p-fdr < 0.001). In contrast, no differences in 

median error were found between African American and White American participants for 

DeepBrainNet (z=0.73) or USC (z=-0.31).  

 

Comparing error across algorithms for White American and Hispanic American participants, 

significant differences between the two groups were found for DeepBrainNet; brainageR; 

ENIGMA; XGBoost; and USC. Specifically, White American median error was significantly 

greater than Hispanic American median error for ENIGMA (z =8.74, p-uncorrected < 0.001, p-fdr 
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< 0.001), XGBoost (z =9.89, p-uncorrected < 0.001; p-fdr < 0.001), and USC (z=9.01, 

p-uncorrected < 0.001, p-fdr < 0.001), while Hispanic American median error was greater than 

White American for DeepBrainNet (z =-2.93, p-uncorrected= 0.003, p-fdr = 0.005) and 

brainageR (z=-3.55, p-uncorrected < 0.001, p-fdr < 0.001). Median error did not differ between 

White American and Hispanic American participants for Pyment only (z=1.55).  

 

Median errors were found to differ significantly between African American and Hispanic 

American participants for three of six algorithms. Hispanic American error was greater than 

African American error for DeepBrainNet (z=3.27, p-uncorrected=0.001, p-fdr=0.002) and also 

for Pyment (z=4.04, p-uncorrected < 0.001, p-fdr < 0.001). African American median error was 

found to be significantly greater than Hispanic American for USC only (z=-8.14, p-uncorrected < 

0.001, p-fdr < 0.001). There were no differences in median error between African American and 

Hispanic American participants for brainageR, ENIGMA, or XGBoost (z=-0.15-1.14).  

 

Analyses in Propensity Weighted Sample 

Weighted correlations between brain age and chronological age for all algorithms ranged from 

0.58-.89 for White Americans; 0.51-0.85 for African Americans; and 0.57-0.88 for Hispanic 

Americans. As also seen in the full sample, across algorithms, there was a consistent trend of 

weaker correlations between brain age and chronological age for African Americans compared 

to White or Hispanic Americans. In fact, after propensity score weighting, all significant 

differences in brain age-chronological age correlations were between African American 

participants and White or Hispanic American participants; there were no significant differences 

between correlation coefficients for White and Hispanic Americans for any of the six algorithms 

examined (z=-1.26-1.46).  
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Weighted brain age-chronological age correlations were found to differ significantly between 

White Americans and African Americans for brainageR (p-uncorrected < 0.001; p-fdr < 0.001; 

z=4.06, CI=0.048-0.142); Pyment (p-uncorrected=0.007; p-fdr=0.021; z=2.69, CI=0.008-0.054); 

XGBoost (p-uncorrected=0.012; p-fdr=0.028; z=2.51, CI=0.015-0.123); and USC (p-uncorrected 

< 0.001; p-fdr<0.001; z=4.26, CI=0.048-0.136). Significant differences in weighted correlation 

coefficients between White American and African American participants did not survive FDR 

correction for ENIGMA only (p-uncorrected=0.036; p-fdr=0.064; z=2.10, CI=0.005-0.142). No 

significant differences in brain age-chronological age correlations were detected between White 

Americans and African Americans for DeepBrainNet (z=1.28).  

 

Comparing Hispanic and African American participants, significant differences were found for 

DeepBrainNet (p-uncorrected=0.018; p-fdr=0.036; z=2.37, CI=0.008-0.091); brainageR 

(p-uncorrected < 0.001; p-fdr=0.001; z=3.76, CI=0.031-0.148); ENIGMA (p-uncorrected=0.006; 

p-fdr=0.021; z=2.74, CI=0.026-0.162); XGBoost (p-uncorrected=0.009; p-fdr=0.024; z=2.60, 

CI=0.017-0.126); and USC (p-uncorrected=0.003; p-fdr=0.013; z=2.98, CI=0.022-0.113). There 

were no significant differences detected between Hispanic Americans and African Americans for 

Pyment (z=1.83).  

 

Examining performance error, results found in the propensity weighted sample were similar to 

those reported in the full sample. For all algorithms except for XGBoost (H=2.00, p = 0.065), 

weighted Kruskal-Wallis tests indicated significant differences between the weighted median 

errors of the three racial/ethnic groups (all H’s = 2.00; brainageR: p < 0.001; DeepBrainNet: p < 

0.001; ENIGMA: p = 0.016; Pyment: p = 0.015; USC: p < 0.001). All weighted median errors for 

all algorithms and groups are shown in Table 4.  
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Table 4. 

Median Error by Algorithm 

Weighted Sample 

Algorithm White Black Hispanic 

brainageR -1.90 -3.56 -3.24 

DeepBrainNet -0.80 -1.40 -1.40 

ENIGMA -7.55 -6.34 -6.59 

Pyment -2.38 -2.29 -2.83 

USC -0.84 -2.88 -0.39 

XGBoost -6.77 -5.91 -6.08 

Caption: Weighted median error for each racial/ethnic group and algorithm in the propensity 

weighted sample. 

 

Across algorithms, post-hoc tests again revealed highly variable patterns of cross-ethnoracial 

differences in weighted median error. Four algorithms–-DeepBrainNet, brainageR, ENIGMA, 

and USC–were all found to have weighted median errors that significantly differed between 

African American and White American participants. In contrast to the full sample, three 

algorithms had greater error for African American than for White American participants; 

specifically, African American error was greater than White American error for brainageR 

(p-uncorrected < 0.001; p-fdr <0.001; W=-4.52), USC (p-uncorrected < 0.001; p-fdr < 0.001; 

W=-6.98), and DeepBrainNet (p-uncorrected=0.038; p-fdr=0.06; W=-2.07), although the latter 

did not survive correction for multiple comparisons. African American error was lower than White 

American error for ENIGMA only (p-uncorrected=0.029; p-fdr= 0.049; W=2.18). No significant 

differences were found between African American and White American median errors for 

Pyment (W=0.48).  
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Between White Americans and Hispanic Americans, weighted median errors also significantly 

differed for four of six algorithms. Weighted median error was greater for Hispanic Americans 

than for White Americans for DeepBrainNet (p-uncorrected < 0.001; p-fdr < 0.001; W=-4.80); 

brainageR (p-uncorrected < 0.001; p-fdr < 0.001; W=-3.66); and Pyment (p-uncorrected=0.014; 

p-fdr=0.029; W=-2.45), and lower for Hispanic Americans than for White Americans for ENIGMA 

only (p-uncorrected=0.008; p-fdr=0.020; W=2.65). For USC post-hoc only, no significant 

difference was found between White American and Hispanic American weighted median errors 

(W=1.52).  

 

Comparing Hispanic Americans and African Americans, significant differences were found for 

Pyment and USC only. Specifically, African American error was greater than Hispanic American 

error for USC (p-uncorrected < 0.001; p-fdr < 0.001; W=8.06), while Hispanic American error 

was greater than African American error for Pyment (p-uncorrected=0.016; p-fdr=0.029; 

W=-2.42). No differences between Hispanic American and African American weighted median 

errors were detected for DeepBrainNet, brainageR, or ENIGMA (z=-1.89-1.46). Altogether, and 

very similarly to the full sample, this pattern of results indicates that while most algorithms 

differentially predicted brain age based on race/ethnicity, the specific pattern of intergroup 

differences varied between them despite balancing age, sex, and Freesurfer Euler Number 

across groups. 

 

DISCUSSION 

Here, we examined multiple indices of performance for the derivation of brain age in White-, 

African-, and Hispanic-American participants. Correlations between brain age and chronological 

age, as well as error between these two variables, were calculated for six commonly used brain 

age algorithms. To minimize the effect of confounding variables, we also completed similar 

analyses in a propensity score weighted sample. In the full sample, for most algorithms tested, 
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the correlations between chronological age and brain age estimates were weaker for African 

Americans than for Hispanic Americans and/or White Americans. Median error differed by 

racial/ethnic group for all algorithms examined. In the propensity weighted sample, differences 

in correlations between brain age and chronological age persisted for the majority of algorithms 

after balancing age, sex, and a metric of scan quality between our racial and ethnic groups, 

while median error differed between racial/ethnic groups for all algorithms except for XGBoost. 

Our work begins to fill in important knowledge gaps, as brain age is becoming increasingly 

popular to probe acceleration in biological aging. However, the majority of brain age algorithms 

use data primarily from Non-Hispanic White subjects, although it is broadly understood that an 

algorithm’s training dataset may have implications for its clinical utility.  

 

Connected to brain age, we believe that this is one of the first projects to systematically 

compare brain age predictions for multiple racial/ethnic groups. While past studies (Irajpour et 

al., 2025; Piçarra & Glocker, 2023) have examined racial/ethnic biases in brain age prediction, 

they have either primarily focused on algorithms infrequently used in applied research (e.g., 

ResNet-34) or they have tended to not directly test whether error levels differ between groups. 

Nonetheless, our findings regarding differences in correlations for African-American participants 

compared to other demographic groups agree with existing prior work (Li et al., 2022; Wisch et 

al., 2025). Past work has found that behavioral prediction was better for White Americans, 

compared to African-Americans, when functional MRI training datasets were composed of 

primarily White Americans (J. Li et al., 2022). Interestingly, even when models were trained on 

data only from African-Americans, behavioral prediction for African-Americans improved, but 

was still below levels seen for White Americans.  

 

Other projects have sometimes reported older brain age in White-American versus 

African-American or Hispanic-American participants, finding that brain age was more sensitive 
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to cognitive impairment for White-American participants compared to Hispanic- and 

African-American participants (Wisch et al., 2025). This is a slightly different question than we 

focused on here, as our group probed intra-individual variations (brain- v. chronological-age) 

between groups in six algorithms, as opposed to purely between-group differences in only two 

algorithms (DeepBrainNet; brainageR). Nonetheless, this prior work connects with some of our 

findings, such as larger error levels for African-American and Hispanic-American participants 

compared to White-American participants in the propensity weighted sample. If brain age is a 

biomarker for cognitive impairment, having greater errors in certain groups may translate into 

less sensitivity when trying to find pathology or abnormality in those same groups.  

 

One critical piece to highlight is our use of error as a performance metric, in place of absolute 

error or squared error. Despite potentially causing some variability in results compared to past 

projects, this was motivated by several factors. First, neither absolute error nor squared error 

maintains the directionality of a discrepancy when judging performance of brain age predictions 

in relation to chronological age. Under v. over-estimations of brain age have distinct clinical 

implications, and as such, we feel that this is an important piece to consider in future work 

probing brain age. Second, many past projects simply report mean absolute or squared error, 

but rarely statistically test these metrics. This is a major limitation and important to highlight. The 

mean absolute or squared error of different groups could overlap with each other if individual 

error is sufficiently large and there is high variance for certain groups. Furthermore, the usage of 

absolute error or squared error in commonly used statistical models (e.g., ANOVAs; linear 

regression) is likely to violate different assumptions needed for these statistical tests. For 

example, linear models presume heteroscedasticity of residuals, but absolute error or squared 

error are not normal (Gaussian) in their distributional properties. Therefore, by using error as our 

primary metric, we were better able to capture important patterns in brain age prediction 
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accuracy across racial and ethnic groups while completing rich and valid statistical modeling to 

formally test for potential algorithmic biases. 

 

Thinking about our results, it is not clear why these differences might be emerging.  One of the 

strongest potential explanations is related to the racial and ethnic composition of the training 

datasets. Many of the algorithms examined here were trained on similar, mostly racially and 

ethnically homogenous MRI cohorts, including: the UK Biobank (used in XGBoost, Pyment, and 

USC); the Autism Brain Imaging Data Exchange (used in brainageR, XGBoost, and Pyment); 

the Cambridge Centre for Ageing and Neuroscience (used in XGBoost, Pyment, and USC); the 

Human Connectome Project (used in XGBoost, Pyment, and USC); and the Pediatric Imaging, 

Neurocognition, and Genetics Study (used in XGBoost, Pyment, and DeepBrainNet). Not all of 

these studies report the full racial and ethnic makeup of their MRI samples, but the UK Biobank, 

for example, is approximately 94% White.  

 

Alternatively, there could be other variables affecting brain age that differ between racial and 

ethnic groups. These could include factors such as neurocognitive functioning, socioeconomic 

status, and cumulative life stress, and could help explain why some brain age algorithms 

performed particularly poorly in Hispanic-American, but not White- and African-American 

samples. Greater variation in one or more of these variables could be linked to greater structural 

fMRI variability in African-American or Hispanic-American participants, causing algorithms to 

estimate brain age differently in these groups compared to White-Americans. Finally, the inputs 

to the different brain age algorithms could drive variations in brain age prediction error. 

Freesurfer is used by ENIGMA, Pyment, USC, and XGBoost to calculate brain age, and it 

remains an open question whether cross-racial/ethnic variation in brain age error could be 

related to templates used in Freesurfer that are based on a small number of participants (~64). 

Interestingly, the actual racial and ethnic composition of the individuals whose scans were used 
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to create Freesurfer templates remains unknown. We reached out to the developers of 

Freesurfer and staff from the Open Access Series of Imaging Studies, but neither entity was 

able to provide this information.  

 

As with all studies, this project was not without its limitations. First, we attempted to minimize the 

potential for confounding by utilizing propensity score weighting to balance age, sex, and Euler 

Number across racial/ethnic groups, but there could have been additional confounding from 

demographic, neurocognitive, and other factors. Future work could consider including additional 

cognitive, developmental, or demographic variables that were not included in our project. 

Second, we were interested in applied work with brain age algorithms that were deployed 

across diverse clinical settings with different scanners. As MRI data was collected on either 

SKYRA or VIDA 3T Siemens scanners, there is a great deal of variability in scanner and 

acquisition protocols used here that could have increased noise in brain age estimation 

(Reynolds et al., 2023; Yamashita et al., 2019). This noise may be due to biological sources or 

engineering measurement bias, but harmonization often reduces variance by presuming that 

scanner differences are simple effects that can be cleanly separated from biological signals. 

Such approaches may still be in need of work and refinement (Gebre et al., 2023).  

 

Third, we did not interrogate if correlations or errors varied as a function of age. The HABS-HD 

project recruited participants that were aged 50 or older, and scatterplots (i.e., Figure 1) suggest 

different levels of error for younger and older participants in the cohort. While this question was 

outside the scope of our project, we believe that it could be more richly interrogated in a future 

study. Fourth, we only tested 6 algorithms, and new algorithms will continue to emerge as this 

field progresses. For example, the DunedinPACNI estimates the longitudinal Pace of Aging from 

a single brain image (Whitman et al., 2025), but it was published after we had derived our 

measures of interest. Finally, this project was cross-sectional in nature, and therefore it will be 
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important to examine if brain age prediction accuracy changes over time within individuals 

across different racial and ethnic groups. This could be a critical piece of knowledge, especially 

as we think about generalizability and the clinical utility of brain age. Despite these limitations, 

the results of this work illuminate gaps in the existing brain age literature while also generating 

many important questions to explore in future research. We were particularly interested to know 

if the level of bias present in different algorithms was related to the racial and ethnic composition 

of training datasets, but the majority of brain age algorithms examined were not accompanied 

by this information in different publications. To correct this issue, we would mandate that 

biological age algorithm developers detail the racial/ethnic composition of their training set in 

future publications.  

 

In conclusion, this work contributes to the emerging field of brain age research by probing 

differences in performance metrics by race/ethnicity in six popular brain age algorithms. In 

exploring these differences, this work raises questions about biases that may be unwittingly 

perpetuated in brain age or other biological age algorithms; how these biases may be 

introduced into the development of an algorithm; and how they may be reduced or mitigated. 

Our results may intuitively lead to speculation that training algorithms on specific demographic 

groups should resolve this issue, yet nascent research suggests that algorithms trained on 

specific groups also show these biases, though to a lesser degree (J. Li et al., 2022). Therefore, 

evidence of these differences challenges us to explore more hidden ways in which these biases 

may be introduced, such in the sample recruitment, data collection, or MRI preprocessing 

stages. Ultimately, as these algorithms are already being utilized in clinical settings, small but 

significant differences in the estimates that these algorithms generate for different individuals 

can, on a larger scale, contribute to differences in clinical diagnosis, treatment, and care. The 

results of this work, therefore, are an important step towards furthering the goals of unbiased 

neuroscientific research as well as equity in neurocognitive healthcare. 
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