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A B S T R A C T   

Through the application of machine learning algorithms to neuroimaging data the brain age methodology was 
shown to provide a useful individual-level biological age prediction and identify key brain regions responsible for 
the prediction. In this study, we present the methodology of constructing a rhesus macaque brain age model 
using a machine learning algorithm and discuss the key predictive brain regions in comparison to the human 
brain, to shed light on cross-species primate similarities and differences. Structural information of the brain (e.g., 
parcellated volumes) from brain magnetic resonance imaging of 43 rhesus macaques were used to develop brain 
atlas-based features to build a brain age model that predicts biological age. The best-performing model used 22 
selected features and achieved an R2 of 0.72. We also identified interpretable predictive brain features including 
Right Fronto-orbital Cortex, Right Frontal Pole, Right Inferior Lateral Parietal Cortex, and Bilateral Posterior 
Central Operculum. Our findings provide converging evidence of the parallel and comparable brain regions 
responsible for both non-human primates and human biological age prediction.   

1. Introduction 

The concept of biological age, as opposed to chronological age, has 
been extensively developed in the past two decades, where biomarkers 
of aging are derived based on complex interactions of factors such as 
environmental, epigenetic, physiological, neuroanatomical, and cogni
tive measures (Bae et al., 2013; Cao et al., 2015; Chen et al., 2015; 
Franke et al., 2017; Franke and Gaser, 2019; Hannum et al., 2013; 
Horvath, 2013; Madan and Kensinger, 2018; Park et al., 2002; Reagh 
and Yassa, 2017; Salthouse, 2011; Small et al., 2011; Walhovd et al., 
2011). Brain age, a magnetic resonance imaging (MRI) based estimate of 
the biological age of the brain, has received increasing attention due to 

advancements in neuroimaging technology. Brain age can be based on 
structural and functional scans of the brain, obtained through 
non-invasive technologies such as MRI, functional MRI (fMRI), and 
diffusion tensor imaging (DTI) (for a review, see Franke and Gaser, 
2019). Brain age is calculated by establishing a normative baseline for 
the general population, and using deviation from the normative baseline 
to identify subject-specific health characteristics and risk patterns for 
various age-related diseases such as Alzheimer’s Disease (AD) and other 
psychiatric illnesses (Cole and Franke, 2017). This deviation from 
baseline might also be useful for monitoring and evaluating clinical 
assessments and the efficacy of interventions associated with aging. 

It has already been well established that gray and white matter 
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volumes in the human brain generally decline with age (Cole and 
Franke, 2017) in areas of the cerebral cortex, and in some subcortical 
regions (Cao et al., 2015; Frangou et al., 2021; Madan and Kensinger, 
2017). However, a challenge with brain age modeling is that age-related 
brain structural changes are not uniform across the brain, requiring 
multivariate approaches to model the trajectory of brain aging. Addi
tional machine learning algorithms are then required to predict bio
logical age at the individual subject level (Cao et al., 2015; Jiang et al., 
2020; Madan, 2019; Madan and Kensinger, 2018; Schnack et al., 2016). 
These models are relatively robust thanks to applying cross-validation 
techniques that prevent overfitting and provide more accurate esti
mates of predictive validity (Bzdok et al., 2018). 

Developing a comparative approach to studying aging with non- 
human primates (NHP) may provide insights into how generalizable 
patterns of structural changes are across species. Particularly, rhesus 
macaques are the most related species to humans besides the apes and by 
far the most commonly researched species for biomedical studies (Finch 
and Austad, 2012), the outcome of which may be generalizable to 
humans or be used to understand human-specific signatures. Also, rhe
sus macaques share similar aging profiles to humans, are less affected by 
clinical-grade cognitive declines such as AD, and are easier to study in 
laboratory environments due to their shorter lifespan than humans 
(Didier et al., 2016; Sridharan et al., 2012). 

Similar to humans, age-related brain changes in NHP are also not 
uniform. Age-related decline in cortical volume and thickness has been 
found in chimpanzees (Autrey et al., 2014; Chen et al., 2013) and rhesus 
macaques (Chen et al., 2013; Koo et al., 2012; Kubicki et al., 2019; Moss 
et al., 1999). However, in chimpanzees, while some studies reported no 
decline in brain volume (Sherwood et al., 2011), other studies found a 
relationship between white matter volume and age that is best modeled 
with a cubic function (Autrey et al., 2014; Chen et al., 2013). In addition, 
many NHP subcortical structures peak during puberty and decline dur
ing aging (Sawiak et al., 2018). Nevertheless, subcortical regions such as 
the hippocampus and basal ganglia, which are strong predictors of aging 
in humans, are less robust predictors of aging in NHP, with inconsistent 
results across studies (Alexander et al., 2008; Shamy et al., 2011, 2006). 
The difference between humans and NHP could be attributed to differ
ences between species in the organization of subcortical brain struc
tures, their connections and their microstructure (Passingham, 2009). 

Volumetric correlates of brain regions to age have been previously 
conducted on NHP including chimpanzees, rhesus macaques, and mouse 
lemurs (Autrey et al., 2014; Chen et al., 2013; Sawiak et al., 2014; 
Shamy et al., 2011; Sridharan et al., 2012). Given these findings, it is 
essential to establish whether the brain age methodologies applied on 
humans could be successfully duplicated to NHPs with reasonable pre
dictive accuracy. Further, we can inquire whether changes in the brain 
regions are capable of predicting individual-level brain age and whether 
these changes align with findings from brain age literature in both 
humans and NHP. To date, the only NHP brain age model was conducted 
on baboons’ MRI scans (Franke et al., 2017) where predictive brain 
aging models were built using MRI voxel-based morphometry. Franke 
et al. (2017) reported a general gray matter volume decline and white 
matter volume increase as baboons age; however, the study was not 
focused on identifying individual brain regions associated with brain 
age. Notably, voxel-based morphometry could be difficult to interpret 
across species, whereas an atlas-based parcellation method may be more 
interpretable, and further enable direct comparison of brain region 
features to similar regions in human brain age models (Madan and 
Kensinger, 2018), as well as to previous NHP studies of brain volumetric 
correlates of age. 

In this study, we aim to build a brain age model with atlas-based 
brain volume parcellation using rhesus macaque MRI scans, to identify 
individual brain regions’ contribution to age prediction and to compare 
them with findings from the human literature. We trained a machine 
learning model using brain region volumes derived from brain scans of 
43 rhesus macaque monkeys to predict chronological age, and explored 

the regions that were driving the model’s prediction. The motivation for 
our research is rooted in the goal of better understanding the aging 
process in the brain across species. We seek to explore whether the brain 
age concept applied to humans can be successfully replicated in NHPs 
and to identify the brain regions that contribute to individual-level brain 
age predictions. The findings from this study will enhance our under
standing of brain aging with a greater emphasis on neurobiology 
through comparative analogues. 

2. Methods 

2.1. Rhesus macaque demographics 

For this study, MRI scans were performed on 43 adult rhesus mon
keys (25 females and 18 males). The ages of the monkeys ranged from 4 
to 27 years with the average age being 17.58 for females and 11.61 for 
males. As rhesus macaques age at around a 1:3 ratio compared to 
humans, this is equivalent to humans 12–81 years of age (Tigges et al., 
1988). The MRI scans used here are the same as those used in a previous 
study (Kubicki et al., 2019) which analyzed white matter development 
and correlations with aging. 

2.2. Data acquisition & preprocessing 

Detailed information on data acquisition and preprocessing proced
ures can be found in a previously published paper (Kubicki et al., 2019). 
Briefly, imaging data for anesthetized monkeys were acquired at two 
different sites. 

Site 1. 21 monkeys (12 females and 9 males) were scanned, using a 
3 T Siemens Allegra MRI at the Athinoula A. Martinos Center for 
Biomedical Imaging, Massachusetts General Hospital (MGH). Scan pa
rameters were as follows: MP-RAGE structural MRI (sMRI) T1-weighted 
scan: Relaxation Time (TR) = 2530 ms, Echo Time (TE) = 3.36 ms, flip 
angle = 7 degrees, 128 coronal slices with 0.78 mm thickness (no gap), 
data matrix = 256 mm x 256 mm, Field of View (FOV) = 200 mm x 
200 mm. 

Site 2. 23 monkeys (14 females and 9 males) were scanned using a 3 T 
Philips Achieva MRI at the Boston University Medical Campus (BU). 
Scan parameters were as follows: MP-RAGE sMRI T1-weighted scan: TR 
= 7.09 ms, TE = 3.17 ms, flip angle = 8 degrees, 130 coronal slices with 
0.6 mm thickness (no gap), data matrix = 256 mm x 256 mm, FOV =
153 mm x 153 mm. 

T1-weighted scans for all monkeys underwent skull-stripping and 
motion correction using Functional Magnetic Resonance Imaging of the 
Brain (FMRIB) Software Library (FSL) software (http://www.fmrib.ox. 
ac. uk/fsl). These T1-weighted scans were then registered to the tem
plate space (pre-selected representative subject) using Advanced 
Normalization Tools (ANTs) registration (Avants et al., 2014; Kubicki 
et al., 2019). Next, the Center for Morphometric Analysis (CMA) cere
bral cortex atlas of the macaque (Makris et al., 2010) and, the CMA 
digitized atlas of the macaque cerebral white matter fiber pathways 
(modified from Schmachmann and Pandya, “Fiber Pathways of the 
Brain”, 2006, Oxford University Press) were registered to the 
T1-weighted scans for all monkeys. This allowed the computing of sMRI 
based imaging measures for different anatomical regions (ROIs). 

2.3. Computing sMRI regional measures 

Volumes of regions in the grey and white matter were computed 
using T1-weighted scans for the parcellated brain areas based on the 
registered CMA atlas, which was guided by the Schmahmann and Pan
dya’s definitions and locations of cerebral fiber tracts (Makris et al., 
2010; Petrides and Pandya, 2006) (Schmachmann and Pandya, “Fiber 
Pathways of the Brain”, 2006, Oxford University Press). Regional vol
umes of grey and white matter areas were computed by multiplying the 
number of voxels in each of the ROI with the resolution of the voxel of 
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the T1-weighted scans. From the T1-weighted scans, the volumes (mm3) 
for following brain areas were computed using the CMA atlas for each 
side of the brain hemisphere, including WM regions: Arcuate Fasciculus 
(AF), Cingulum Bundle (CB), Corpus Callosum (CC), Corticospinal Tract 
(ICpI), dorsal occipital bundle (DOB), External Capsule (EC), Extreme 
Capsule (EmC), fibers of the extreme capsule - Superior Longitudinal 
Fasciculus II (fEmC-SLF II), fibers of the extreme capsule (fEmC), 
fronto-occipital fasciculus (FOF), Inferior Longitudinal Fasciculus (ILF), 
Middle Longitudinal Fasciculus (MdLF), Muratoff Bundle (MB), Poste
rior Limb of Internal capsule (PB), Sagittal Stratum (SS), Striatal Bundle 
(StB), subcortical bundle (SB), Superior Longitudinal Fasciculus I (SLF 
I), Superior Longitudinal Fasciculus II - fibers of the accurate fasciculus 
(SLF II-fAF), Superior Longitudinal Fasciculus II (SLF II), Superior Lon
gitudinal Fasciculus III (SLF III), Thalamic Bundle (TB), Uncinate 
Fasciculus (UF), Anterior Commissure (AC); and GM regions: Anterior 
Cingulate Gyrus Cortex (CGa), Basal Forebrain (BSF), Central Opercu
lum (COa), Dorsolateral Striate Cortex (STRdl), Dorsolateral Superior 
Frontal Gyrus (F1dl), Dorsomedial Superior Frontal Gyrus (F1dm), 
Frontal Orbital Cortex (FOC), Frontal Pole (FP), Hypothalamus, Inferior 
Frontal Gyrus (F2), Inferior Lateral Parietal Cortex (LPCi), Inferior 
Temporal Gyrus (ITG), insula (INS), Medial Prefrontal Cortex (MPC), 
Medial Striate Cortex (STRM), Parahippocampal Gyrus (PH), Parietal 
Operculum (PO), Postcentral Gyrus (POG), Posterior Central Operculum 
(COp), Posterior Cingulate Gyrus (CGp), Precentral Gyrus (PRG), Pre
lunate Gyrus (PRL),Subcallosal Cortex (SC), Temporal Pole (TP), Ventral 
Medial Occipital Cortex (VMO), Superior Lateral Parietal Cortex (LPCs), 
Superior Temporal Gyrus (STG), Supratemporal Plane (STP). Volumes of 
bilateral brain regions were parcellated as separate ROIs (left- and 
right-). Brain regions not listed above were not available in the study 
dataset. 

2.4. Rhesus macaque brain age index 

Brain age is a composite index of brain volume changes during aging, 
built as a computational predictive model, and can be used to predict the 
chronological age of the subjects. 

The concept of brain age index has been validated using human 
structural MRI data using both cross-sectional (Sivera et al., 2019) and 
longitudinal data (Cao et al., 2015), where atlas-based anatomical re
gions of the brain have been parcellated and adapted as predictive 
features of machine learning based models (e.g., regularized regression). 

The rhesus macaque brain age index has been developed following 
the same concept. Predictive models are trained using brain volumetric 
data with the goal of predicting chronological age, with its generaliz
ability tested on unseen data. The model-predicted chronological age is 
defined as the biological brain age. 

2.5. Machine learning analysis 

Machine learning analysis was conducted using python program
ming language 3.8.5, and the scikit-learn 1.0.1 python package and 
correlation analysis was conducted using the scipy package. The ma
caque brain age index was derived using a ridge regression model. Ridge 
regression is a popular parameter estimation method applied to 
regression to regularize the size of regression coefficients, and can 
effectively handle multicollinearity problems, reduce overfitting, and 
perform well when the feature dimension is larger than the sample size 
(Cessie & Houwelingen, 1992). Rhesus macaque’s chronological age 
was used as the dependent variable. Fifty-six grey matter volumes and 
forty-eight white matter volumes of brain regions were converted to 
Z-scores (across each scanner separately) and used as input features to 
the brain age prediction model. Binary-coded scanner and sex variables 
were used as additional input features, where the scanner variable was 
included to remove any remaining site effects. Leave-one-out (LOO) 
cross-validation was used to assess model generalizability for both 
feature selection and the subsequent development of the brain age 

index, where 42 rhesus macaques were used as training data and one 
was held out for testing, iterating through all 43 subjects. Ridge 
regression coefficients of the 43 ridge regression models for LOO 
cross-validation were averaged to estimate the importance of each brain 
region in predicting age. A higher magnitude of the averaged coefficient 
indicates higher feature importance. We then further validate the 
feature importance against Pearson’s correlation coefficient of the vol
ume of each region to the age of the monkey. 

2.6. Feature selection 

Due to the relatively small sample size in our rhesus macaque dataset 
(n = 43) and a large number of features (108), reducing the number of 
features is essential to minimize overfitting. During the training of each 
LOO iteration, we used the Recursive Feature Elimination (RFE) with 
cross-validation (RFECV) (Guyon et al., 2002) algorithm to select the 
optimal number of features, by using the RFECV function from 
scikit-learn package. RFE is a feature selection method that iteratively 
removes the least relevant features to find the best number of features 
for making a prediction. Ridge regression was used as an estimator for 
each of the 5 internal RFE cross-validations and the number of features 
was optimized for the highest r2. Then the selected features were used to 
fit a Ridge Regression model on the training data for this specific iter
ation. An internal 5-fold cross-validation was used for tuning the regu
larization strength hyperparameter α. This process was repeated 43 
times until every monkey was left out as the testing data once. Among 43 
models fitted, features consistently selected in all models were later used 
to build the rhesus macaque brain age index. 

2.7. Brain age index 

Following feature selection, the rhesus macaque brain age index was 
developed by fitting a Ridge Regression model using the selected fea
tures. The hyperparameter’s value was selected by a 5-fold internal CV, 
optimizing for r2. LOO cross-validation was performed using selected 
features to further confirm prediction generalizability. 

2.8. Age span analysis 

Using the full study sample, we performed a two-tailed t-test for the 
difference score of age-index-predicted and the chronological age to test 
the hypothesis if the mean is equal to zero. A significant t-test would 
suggest potential model prediction bias across age span. We then 
grouped the monkeys into a young group and an old group and con
ducted the same t-tests for the difference scores within each group. A 
significant t-test would suggest the differential presence of regression 
attenuation modulated by maturation. 

3. Results 

The models built from training data in the feature selection pro
cedure consistently predict rhesus macaque’s age (R2= 0.65, Mean Ab
solute Error (MAE) = 3.31). The refitted brain age index model using 
selected features consistently predicts the rhesus macaque’s age (R2 =

0.72, MAE = 2.91) (Figure 1). Twenty-two features were selected across 
all 43 iterations of LOO cross-validation (Figure 2). Fig. 2 B shows a 3D 
visualization of the GM regions (Madan, 2015; Pernet & Madan, 2020) 

The goal of building a predictive model is to optimize its predictive 
performance instead of model interpretation. To facilitate accurate 
model interpretation, we took a conservative approach to only focus on 
interpreting variables significantly correlated with age, and with 
congruent correlation coefficient and feature importance (i.e., both the 
correlation and feature importance signs are positive, or both are 
negative). Out of 22 model selected features, seven features were 
identified to have a significant negative correlation with Age and were 
congruent with feature importance. Other model selected brain regions 
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did not meet the selection criteria. For grey matter regions, the FOC, 
superior and inferior parts of the lateral parietal cortex, Bilateral central 
operculum, frontal pole (FP), and subcallosal cortex were identified as 
significant predictive biomarkers for aging in rhesus macaques. For 
white matter regions, only the fibers of the extreme capsule and the 
uncinate fasciculus were significant predictive biomarkers for aging. In 
addition, sex can facilitate the prediction of age, where being male 
predicts younger age (Table 1). However, this could be a consequence of 
the consistency of the set of monkeys utilized in the data. 

For the age span analysis, we found no evidence of overall prediction 
bias. The predicted age and chronological age difference score is not 
different from zero (t = − 0.45, df = 42, p =.0653). The difference scores 
were not different from zero in the young (t = 1.49, df = 16, p =.155) 
and old group (t = − 1.83, df = 25, p =.080). Out of 43 rhesus macaques, 
53.5% (23 out of 43) of the monkeys were predicted to be older than 
their chronological age, consistent with the statistical conclusion of no 
overall attenuation of the slope. 

4. Discussion 

In this study, we successfully developed a rhesus macaque brain age 
index using parcellated WM and GM volumes to predict chronological 
age in rhesus macaques (R2 = 0.72), while controlling for sex and study 
sites. Also, we identified a list of GM and WM regions that were 
consistent predictors (with cross validation) of biological age. The 
identified brain regions were generally aligned with the literature 
showing association of volumetric change of brain regions with age in 
both humans (Bagarinao et al., 2018; Good et al., 2001; Grieve et al., 
2005; Sala et al., 2012; Taki et al., 2011) and NHP (Alexander et al., 
2008; Autrey et al., 2014; Chen et al., 2013; Wisco et al., 2008), 
including in postmortem studies (Herndon et al., 1999). Our results 
support the generalizability of the brain age concept between humans 
and NHP, using atlas-based MRI features and machine learning. 

4.1. Comparison with human age models 

Predicting chronological age from neuroimaging data has been an 
increasingly popular topic in human studies. A large positive difference 
between predicted age and chronological age might suggest implications 
of brain disorders such as schizophrenia or Alzheimer’s disease. 
Although brain age models have been developed and validated using 
large human datasets, this approach has not yet been widely studied 
using non-human primate (NHP) data. As rhesus macaques are used as 
translational models for aging and neurodegeneration (Bagarinao et al., 
2018; Hara et al., 2012; Herndon et al., 1997; Mattison et al., 2017; 
Moore et al., 2006; Stonebarger et al., 2020; Uno, 1993), investigating 
brain aging across primate species is increasingly valuable. 

To our knowledge, we are the first to develop a brain age machine 
learning model for rhesus macaques. Compared to brain age models in 
baboons (R2 = 0.62), our model’s performance (R2 = 0.72) is proficient 
and has the advantage of allowing interpretability of brain region fea
tures (Franke et al., 2017). 

Human studies examining cortical and subcortical structures 
involved in brain aging typically have larger sample sizes and are able to 
leverage deep learning to achieve high accuracy. Levakov et al. have 
used a CNN model on 10,176 human MRI images of a large composite 
dataset for brain age prediction with high accuracy (R2 = 0.96, Levakov 
et al., 2020). However, there is a “black box” problem that it is often 
difficult to analyze and interpret their findings due to the complex 
structure of machine learning models as they are composed of hundreds 
of thousands of abstract parameters. In addition, very high accuracy in 
predictive models may limit the practical application of brain age index 
as there’s a diminishing unexplained variance from the model. 

An advantage of our study lies in how we have determined and 
discussed prominent brain regions that contributed most to the final 
prediction. The areas determined to be significant by our model are 
consistent with findings on human aging where frontal white matter 
volumes noticeably decline with age (Gunning-Dixon et al., 2009). 
Additionally, human frontal cortical, as well as subcortical structures, 
decline linearly with aging in humans (Bozzali et al., 2008). This sup
ports our model with a higher predictive ability of brain regions such as 
the FOC and FP. 

Nonetheless, the generalizability of the model to humans or other 
NHPs should be investigated further as differences in both brain matu
ration and aging timelines and organization might hinder the ability of 
accurate prediction. 

4.1.1. Model selected white matter regions 
White matter tracts in humans increase in volume until the age of 20 

(Knickmeyer et al., 2008), and deteriorate most quickly and evidently 
starting at around 50 years of age (Raz et al., 2005; Salat et al., 1999). In 
macaques and NHP, WM volume has a stronger correlation with age 
than GM volume (Wisco et al., 2008). With human WM, there are 
regional areas with relatively accelerated decrease or preservation in 
volume (Good et al., 2001). However, regional volumetric changes in 
macaque WM have not been explored in-depth in terms of their corre
lation to aging. This is partially because studies using diffusion tensor 
imaging (DTI) are able to detect WM microstructure degeneration with 
aging at an earlier age. A decline in WM microstructure typically pre
cedes WM volume loss in humans (Westlye et al., 2010). With the 
penalized regression model, we show that relative losses or preservation 
in WM volume in certain areas are predictive of aging. 

The right Uncinate Fasciculus (UF) is a white matter tract that con
nects the frontal lobe with the anterior temporal lobe. While not much 
literature identifies a decline of volume in the UF in macaques (Makris 
et al., 2007; Sandell and Peters, 2003; Shobin et al., 2017), in human 
studies, the volume of the UF was seen to be linearly increasing in 
developing healthy children as well as negatively correlated at old ages 
(Hasan et al., 2009), and was found to have a significant correlation with 
age in a cubic relationship (Eluvathingal et al., 2007; Hasan et al., 2009; 

Fig. 1. Chronological age as a function of model-predicted age. MGH: Massa
chusetts General Hospital, BU: Boston University Medical Center. The plot is 
based on LOOCV results. The middle line on the plot is a reference line to 
indicate when chronological age and predicted age are equal. The model 
overpredicts age when the data point is above the line, and underpredicts age 
when the data point is below the line. 
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Lebel et al., 2008). Our results indicated that the Extreme capsule is a 
predictor in our model for aging. Similar to the UF, volumetric studies of 
NHP brain aging have not identified it as predictive of normal aging 
(Makris et al., 2007; Sandell and Peters, 2003; Shobin et al., 2017). In 
the work of Taki et al. (2004), they found that the volume of the Extreme 
Capsule decreased during aging in humans. The left inferior (ILF) and 
right superior (SLF) longitudinal fasciculus are WM regions with high 
positive coefficients in the model. In humans, the microstructure 
integrity of the ILF and SLF share a “U-shaped” relationship with age as 
it increases early on and declines at older ages (Lebel and Beaulieu, 
2011; Madhavan et al., 2014). However, the volume of the ILR and SLF 
remains relatively constant at older ages and shows a positive correla
tion at younger ages. An interesting finding of this study is that the 
volume of the projection fiber of the ICpl is a non-zero coefficient in the 
model. Studies have shown that the FA of this region remains constant 
with aging (Makris et al., 2007) and is a poor predictor for aging (Sala 
et al., 2012). However, with interactions between other brain regions of 

Fig. 2. Summary of model-selected brain regions as age predictors. (A) Feature importance values for predictors, selected by brain age index, for white matter and 
gray matter regions separately. (B) 3D visualization of gray matter regions with interpretable feature importance values. The cube in the bottom left shows the 
relative orientation of the main 3D render (R: right; A: anterior; S: superior). A second perspective from a more anterior view is shown inset. 

Table 1 
Interpretable predictive features ranked by models’ averaged coefficient.  

Feature Correlation with 
Age 

Feature 
Importance 

pcorr 

Right Fronto-orbital Cortex 
(FOC)  

-0.65  -1.72 <

0.000 
Right Inferior part of the Lateral 

Parietal Cortex  
-0.46  -1.32 0.002 

Sex (Male)  -0.40  -1.30 0.008 
Right Frontal Pole  -0.45  -1.18 0.002 
Left Posterior part of the Central 

Operculum  
-0.35  -1.13 0.022 

Right Fibers of Extreme Capsule  -0.34  -0.77 0.028 
Right Posterior part of the 

Central Operculum  
-0.48  -0.62 0.001 

Feature importance is measured by the averaged ridge regression coefficients 
across all LOO folds. pcorr represents the p value of correlation coefficients. 
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WM and GM, we found the volume of the ICpl has a negative relation
ship with aging. 

4.1.2. Model selected gray matter regions 
Our findings support the prior evidence that grey matter regions that 

were found to be linked to aging in humans also decline in volume in 
aging rhesus macaques. Additionally, the model identifies grey matter 
regions in rhesus macaques that are strongly predictive of aging but have 
not been previously reported. The volume of the right fronto-orbital 
cortex (FOC) had the largest negative coefficient within the ridge 
regression model. The FOC is a key cortical area involved in decision- 
making and rational thought. In NHP, the volume of the FOC corre
lated negatively with aging (Alexander et al., 2008; Autrey et al., 2014; 
Uematsu et al., 2017) while in humans, the FOC was reported as a 
biomarker for older age and reduced executive function (Raz et al., 
2010, 2005; Salat et al., 2001). Areas in the frontal lobe such as the FOC 
tend to have the most evident loss in volume due to aging and our model 
demonstrates that such volumetric changes can be predictive of aging in 
rhesus macaques. 

Our findings also indicate that the right superior (LPCs) and right 
inferior parts (LPCi) of the lateral parietal cortex are predictive of aging. 
Although this has not been reported in rhesus macaque studies, it is 
consistent with the findings of human studies (Fjell et al., 2009; Salat 
et al., 2004). Similarly, a decrease in volume in the bilateral posterior 
central operculum (COp) has been previously described as correlated 
with human aging (Bagarinao et al., 2018; Good et al., 2001; Grieve 
et al., 2005; Taki et al., 2011) but has not been reported in the NHP 
literature. Since volumetric changes in NHP, compared to human brains, 
with aging are less robust, changes in the LPCs, LPCi and COp have a 
higher predictive value for NHP aging when analyzed together with 
other brain regions in the model. The bilateral precentral (PCG) and 
right postcentral gyrus (POG), among other identified predictive factors 
of aging, have been reported before with a significant negative corre
lation with aging in rhesus macaques (Koo et al., 2012) as well as human 
studies (Good et al., 2001; Grieve et al., 2005; Salat et al., 2004; Sowell 
et al., 2007; Taki et al., 2004). 

In addition, our study also reports that the right frontal pole (FP) is a 
good predictor for aging. While not much evidence exists for a volu
metric decrease in FP, studies have found a decrease in serotonin and 
acetylcholine levels in the FP of aged macaques (Wenk et al., 1989). 
Relative to the entire prefrontal cortex, the frontal pole was identified 
previously in human studies as lacking a significant correlation with 
aging (Douaud et al., 2014; Tisserand et al., 2002). We remark that 
although some brain regions such as the cingulate gyrus (Grieve et al., 
2005) display a poor correlation with age and are relatively well pre
served through normal aging, including them in the regression model 
improves its performance as it is able to account for some of the residuals 
of the model. 

4.2. Model performance across life span 

A key interest of the brain age prediction approach is to identify 
whether the brain age index performs uniformly across the life span. 
Brain age index using regression models may suffer from regression 
attenuation, where the slope of the model could be flattened due to 
measurement error (Cao et al., 2015). The wide range of age captured in 
our rhesus macaque sample opened an opportunity to evaluate across 
lifespan model performance. However, our analysis found no evidence 
of prediction bias over the life span. Though age-related changes in brain 
structure are known to be non-uniform, our results indicate no system
atic bias in relation to lifespan, as shown in Figure 1. 

Due to the relatively small sample size, the current results should be 
interpreted with caution and need further confirmation from future 
studies with a larger sample and formal statistical analysis. 

4.3. Limitations 

The current study is motivated to provide a proof of concept for an 
NHP brain age model trained using atlas-based features and to provide a 
cross-species comparison to the human brain age model using a similar 
methodology. One limitation of the current methodology is that we were 
not directly modeling the potential non-linear relationship between 
white and grey matter volume and brain age. This issue has been 
considered in both studies of humans (Fjell et al., 2009; Madan and 
Kensinger, 2018) and NHP studies. As such, the brain age index we built 
may miss some relevant features with non-linear relationships to age. 
However, evidence for non-linear relationships between age and volume 
for each individual brain region is still inconclusive. While there is 
support for the relationship between global GM and healthy human 
aging, this relationship was only significant as a linear model (Good 
et al., 2001). Individual cortical regions have been reported to have 
heterogeneous relationships with aging. 

Additionally, due to the size and cross-sectional nature of the study, 
the younger and older age ranges could have been underrepresented 
compared to the middle age range for our subjects. This is something 
that a future study could examine with a larger sample size. 

5. Conclusion 

We report one of the first NHP brain age models using atlas-based 
MRI features and machine learning, which successfully identified 
prominent age prediction features, and validated the generalizability of 
the brain age concept. This line of findings spurs future interest in 
comparative studies of aging and provides converging evidence of the 
parallel and comparable brain regions responsible for both NHP and 
human biological age prediction. 
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