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Abstract

To study genetic factors associated with brain aging, we first need to quantify brain aging. 

Statistical models have been created for estimating the apparent age of the brain, or predicted 

brain age (PBA), using imaging data. Recent studies have refined these models to obtain a more 

accurate PBA, but research has yet to demonstrate the scientific value of doing so. Here, we show 

that a more accurate PBA leads to better characterization of genetic factors associated with brain 

aging. We trained a convolutional neural network (CNN) model on 16,998 UK Biobank subjects to 

derive PBA, then conducted a genome-wide association study on the PBA, in which we identified 

single nucleotide polymorphisms from four independent loci significantly associated with brain 

aging, three of which were novel. By comparing association results based on the CNN-derived 

PBA to those based on a linear regression-derived PBA, we concluded that a more accurate PBA 
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enables the discovery of novel genetic associations. Our results may be valuable for identifying 

other lifestyle factors associated with brain aging.
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1 Introduction

Brain structural changes that occur during the brain aging process vary between individuals. 

A long-standing question is how genetic and environmental factors contribute to this 

variation. To study factors associated with brain aging, we first need a method for 

quantifying brain aging. Statistical models have been developed to detect structural changes 

and assess the apparent age of the brain based on imaging data (Cole and Franke, 2017; Cole 

et al., 2017; Franke et al., 2010). The biomarker obtained from these models is referred to 

as the predicted brain age (PBA). By comparing PBA to chronological age, researchers can 

quantify whether a subject’s brain appears older or younger than expected, which reflects 

accelerated or decelerated aging of the brain, and can subsequently identify genetic factors, 

lifestyle factors, and diseases associated with brain aging (Franke et al., 2013; Jonsson et al., 

2019; Ning et al., 2020b; Smith et al., 2019).

Recent advances in training CNNs, which are deep learning models that learn features in 

images with convolution operations without prior knowledge of what these features are, have 

allowed researchers to accomplish disease and phenotype classification and prediction with 

high accuracy (Esteva et al., 2017; Langner et al., 2019; Lin et al., 2018). Recently, Langner 

et al. trained a CNN for predicting age of the body based on whole-body MRI of about 

20,000 subjects. The mean absolute error (MAE) between predicted ‘body age’ and true 

chronological age reached 2.5 years (Langner et al., 2019). Another recent study by Peng et 

al. reported that a CNN for predicting brain age based on MRI achieved an MAE of 2.14 

years (Peng et al., 2021). Both studies focused on improving the accuracy of CNN models 

for age prediction; however, neither demonstrated why this is important. In other words, 

what is the scientific value of developing more accurate methods of measuring aging?

In our research, we explore whether a more accurate PBA helps to better characterize 

brain aging and leads to the identification of novel genetic factors associated with brain 

aging. Genetic factors associated with brain aging are important to identify because of 

their potential clinical applications, including detecting brain aging at an early stage and 

administering relevant interventions. Two recent studies investigated the association between 

single nucleotide polymorphisms (SNPs) and brain aging using UK Biobank data. Jonsson 

et al. used a CNN model for predicting brain age, where the predictor was the 3D MRI scan 

(Jonsson et al., 2019), while Ning et al. used a linear regression model for predicting brain 

age, where predictors were brain morphometric measurements derived from MRI scans 

(Ning et al., 2020b). Both studies reported MAE of about 3.5 years between PBA and the 

true chronological age and found an association between a chromosome 17 locus and brain 

aging. This locus includes the MAPT gene, where mutations have been associated with 
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dementia and Parkinson’s disease (Goedert, 2015). Additional genetic factors associated 

with brain aging have yet to be identified.

In our study, we used a large sample of brain imaging data of 16,998 UK Biobank subjects 

to train a CNN to obtain PBA. Next, we calculated relative brain age (RBA), a metric that 

describes a subject’s PBA relative to peers (Ning et al., 2020b), based on CNN-derived 

PBA. We then conducted a genome-wide association study to identify SNPs significantly 

associated with RBA. We assessed whether the CNN-derived PBA more accurately captured 

brain aging than a linear regression-derived PBA, which we previously used (Ning et al., 

2020b), by comparing the MAE of these two models. Further, because decline in cognitive 

function is associated with brain aging (Creasey and Rapoport, 1985; Luo and Craik, 2008), 

we investigated whether the CNN-derived PBA showed stronger associations with cognitive 

functions than did the linear regression-derived PBA. We also compared the SNPs associated 

with the CNN-derived RBA to those associated with a regression-derived RBA. Our goal 

was to leverage a large sample to investigate whether the CNN is more accurate than a linear 

regression model in characterizing brain aging, therefore enabling the discovery of a greater 

number of genetic variants associated with brain aging. If this is the case, we would suggest 

that CNN-derived RBA could also be used to more effectively investigate the association 

between brain aging and lifestyle and disease factors.

2 Material and methods

2.1 Summary of samples used

A sample of 16,998 subjects from the UK Biobank study with European ancestry who had 

both T1 MRI brain scans and genetic data were included in the study. All these subjects 

were free of brain and nervous system related illness, including cognitive impairment, 

neurological disorders, or stroke, etc. Details of subjects inclusion criteria are described 

elsewhere (Ning et al., 2020b). Subjects’ ages ranged from 45 to 81 years (mean = 63 

years), with 53% identified as female. The T1 brain scans were registered to MNI 152 space 

using linear and then nonlinear registration. Brain-extracted T1 were then obtained and used 

for training the CNN model (Smith et al., 2020). Two important cognitive function scores, 

response time (N=15,678) and visual memory (N=15,737), were obtained for most subjects. 

The genetic data included 538,476 quality-controlled SNPs. Details of the brain imaging 

data, cognitive function data, and genetic data have been described previously (Ning et al., 

2020a; Ning et al., 2020b; UKBiobank, 2015).

2.2 Obtaining predicted brain age and relative brain age based on a CNN model

2.2.1 Training CNN models for predicting brain age—We used a five-fold cross-

validation strategy for training a CNN model for predicting brain age and for conducting 

SNP-RBA association analyses. Specifically, we randomly split the subjects into five 

batches, each including 20% of the data, and each with the same age and gender 

distributions. We used 80% of the data (i.e., four batches) for training a CNN model for 

predicting brain age (PBA), within which 5% of the samples were used as an internal 

validation set for monitoring the model’s performance. We then applied the trained models 
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to the remaining 20% of samples, which served as evaluation set, and obtained PBA of these 

samples. We crossed over the split samples and obtained PBA for each batch of subjects.

2.2.2 Details of the CNN model—We used a ResNet CNN (He et al., 2015) 

implemented in NiftyNet for predicting brain age based on 3D MRI data (https://niftynet.io). 

We chose the ResNet structure because empirical evidence has shown that it is easy to 

optimize and performs well in imaging data analyses (He et al., 2015). We down-sampled 

the MRI data from a resolution of 182×218×182 to 91×109×91 before training the CNN, 

due to the GPU memory limitations. The ResNet model provided by NiftyNet comprised 

of a convolution layer, six bottleneck layers, a fully connected layer, and an output layer. 

Multiple short-cut connections were included between the bottleneck layers. The initial 

convolution layer contained 64 filters. There were six bottleneck layers: bottleneck layer 1 

and bottleneck layer 2 had 128 filters; bottleneck layer 3 and bottleneck layer 4 had 256 

filters; bottleneck layer 5 and bottleneck layer 6 had 512 filters. Random rotations between 

−5 and 5 degrees were included as a data augmentation strategy to prevent overfitting. The 

model was trained with learning rate at 0.0001 on two GPUs. The CNN architecture is 

illustrated in Fig. 1.

2.2.3 Obtaining relative brain age—The metric representing the difference between 

PBA and CA (PBA-CA) was negatively associated with chronological age when using CNN 

model (Supplementary Fig. 1). Therefore, we further derived RBA after obtaining PBA (as 

described by Ning et al. (Ning et al., 2020b)). We then combined RBA of all evaluation set 

subjects and assessed association between RBA and SNPs. Fig. 2 illustrates the procedure 

for obtaining PBA and RBA through a 5-fold cross-validation strategy and then carrying out 

RBA-SNP association analyses.

2.3 Obtaining predicted brain age and relative brain age based on a linear regression 
model

We trained linear regression models with LASSO regularization to obtain PBA using the 

same training and evaluation sets as used for the CNN models. In the linear regression 

models, the predictors were 403 brain morphometric measurements from Freesurfer (Fischl, 

2012) (e.g., volume of cortical, subcortical, white matter, and ventricle regions, thickness 

and surface area of cortical regions, intracranial volume, etc.), and the response variable was 

CA. After obtaining PBA, we further derived RBA metric. Details of obtaining PBA and 

RBA using the regression model are described in a previous paper (Ning et al., 2020b).

2.4 SNP-RBA association analyses

We used a linear mixed model implemented in BOLT-LMM (Loh et al., 2015) to test the 

association between SNPs and RBA, adjusting for gender, the first three genetic principal 

components, and batch information during sampling. We further used FUMA (Watanabe et 

al., 2017) to obtain gene-level association with RBA.
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3 Results

3.1 Predicted brain age from a CNN model

In the five evaluation sets, the median MAE between CNN-derived PBA and chronological 

age was 2.7 years (ranging from 2.5 years to 3.1 years). We observed that the difference 

between PBA and chronological age (i.e., PBA-CA) was negatively associated with 

chronological age. The pattern of the relationship between PBA and CA was not aligned 

along the 45-degree diagonal line. To be specific, a majority of subjects under 50 years 

of age tended to have positive PBACA, while a majority of subjects over 70 years of age 

tended to have negative PBA-CA (Supplementary Fig. 1). Therefore, after obtaining PBA, 

we adjusted for this association by calculating the RBA metric, which is independent of age, 

and assessed the association between RBA and genetic variants.

3.2 Genetic factors associated with brain aging

In total, 80 SNPs from four independent loci show significant associations with RBA 

derived from CNN (association p-value < 5E-8). Fig. 3 shows a Manhattan plot of the 

associations between SNPs and RBA across the genome. Supplementary Table 1 lists the 

SNP-level association p-values (DOI:10.5281/zenodo.3786826). Three SNPs from a locus 

on chromosome 4 showed significant association with RBA, with the leading SNP rs337638 

having an association p-value of 3E-16. These SNPs are in a non-coding region with the 

nearest protein coding gene being KLF3 (Fig. 4). Multiple SNPs significantly associated 

with RBA are located in a chromosome 17 locus that has been previously linked to 

brain aging (Jonsson et al., 2019; Ning et al., 2020b). This locus includes genes such as 

NSF, MAPT, and WNT3 (Fig. 5). In addition, SNP rs2677110 located within the gene 

RUNX2 on chromosome 6 and SNP rs12775208 located within the gene NKX6–2 on 

chromosome 10 also showed significant association with RBA (Supplementary Figures 

3 and 4). Supplementary Table 2 lists the association p-values between genes and RBA 

(DOI:10.5281/zenodo.3786854).

3.3 Comparing CNN and linear regression models

The CNN model had a significantly smaller MAE between PBA and chronological age 

than the linear regression model, in which the median MAE was 3.7 years in the five 

evaluation sets (paired t-test p-value < 0.05). The associations between CNN-derived 

PBA and cognitive functions, including response time and visual memory score, were 

stronger than the associations between regression-derived PBA and cognitive functions. 

ANOVA analyses showed that the association p-values for CNN-derived PBA and mean 

response time and CNN-derived PBA and visual memory score were 2.4E-244 and 9.8E-57, 

respectively. In comparison, the association p-values for regression-derived PBA and mean 

response time and regression-derived PBA and visual memory score were 21.6E-222 and 

1.2E-53, respectively. The SNP-RBA association p-values were stronger when using RBA 

derived from the CNN model than when using RBA from the linear regression model 

(Fig. 6). In the latter case, only the SNPs from a chromosome 17 locus were significantly 

associated with RBA (Supplementary Fig. 2).
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4 Discussion

In this study, we trained a CNN for obtaining PBA and further studied associations between 

SNPs and brain aging. The CNN model was more accurate than a linear regression model 

in characterizing brain aging. The median MAE of CNN-derived PBA was lower than that 

of a linear-regression-derived PBA (i.e., 2.7 years versus 3.7 years). Further, CNN-derived 

PBA showed stronger associations with cognitive functions than did linear regression model-

derived PBA.

The metric representing the difference between PBA and CA (PBA-CA) was negatively 

associated with chronological age when using the CNN model (Supplementary Fig. 1). This 

negative association was similar to the pattern found between PBA-CA and chronological 

age when PBA was developed using a linear regression model (Ning et al., 2020b; Smith 

et al., 2019). This negative association is likely a result of regression dilution and has been 

discussed previously by Smith et al (Smith et al., 2019). Deriving PBA using a CNN does 

not eliminate this issue, because the last layer of the CNN model was fundamentally a linear 

regression model. Therefore, to adjust for the undesirable association between (PBA-CA) 

and chronological age, we further derived RBA after obtaining PBA and assessed the 

association between RBA and SNPs.

We found SNPs from four loci to be significantly associated with RBA. The SNP most 

significantly associated with RBA (rs337638, p-value = 3E-16) was in a non-coding 

region on chromosome 4. The protein coding gene located closest to this SNP is KLF3. 

KLF3 mediates lifespan in C. elegans (Hsieh et al., 2017) and may be associated with 

educational attainment in human subjects (Lee et al., 2018). SNPs in a chromosome 17 

locus also showed significant associations with RBA. In this locus, genes including MAPT, 

NSF, and WNT3 have significant gene-level associations with RBA and are of particular 

interest (Supplementary Table 2). Previous studies have shown that mutations in MAPT, 

which encodes tau protein, are associated with dementia and Parkinson’s disease (Goedert, 

2015). The NSF gene encodes ATPase, which is involved in cellular membrane fusion 

events, and is associated with neuronal intranuclear inclusion disease and schizophrenia 

(Pountney et al., 2008). The WNT3 gene is associated with general cognitive function 

(Trampush et al., 2017). These genes are located in a region of low recombination rate, 

where SNP genotypes are highly associated (Goedert, 2015). Therefore, it is unclear which 

gene(s) in this locus are truly associated with brain aging. In addition, the SNP rs2677110 

located in the RUNX2 gene on chromosome 6 and the SNP rs12775208 located in the 

NKX6–2 gene on chromosome 10 also showed significant association with RBA. RUNX2 

gene encodes a transcription factor that regulates the expression of osteocalcin (Sierra et 

al., 2003). Interestingly, low osteocalcin levels are associated with age-related decline in 

cognitive function, which may contribute to the association between this RUNX2 variant 

and RBA (Obri et al., 2018; Puig et al., 2016). NKX6–2 encodes a transcription factor that 

regulates myelin sheath formation and maintenance in the central nervous system (Cai et al., 

2010; Southwood et al., 2004). While there are plausible links between these variants and 

overall brain health, the biological functions of these RBA-associated SNPs require further 

investigation in order to clarify how they affect brain aging.
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The SNP-RBA association signals were stronger (i.e., with more significant p-value) when 

using RBA derived from the CNN model than when using RBA derived from the linear 

regression model (Fig. 3, Fig. 6, and Supplementary Fig. 2). We noticed that the additional 

cost of time to train a CNN model was not trivial, and training the CNN took about two 

days to converge (with two NVIDIA GPUs). As a comparison, training a linear regression 

model with FreeSurfer measurements as predictors for brain age took just two minutes 

on one CPU. Nevertheless, the time required for training a CNN model can be reduced 

by using additional GPU cores (e.g., our model training was done in two days using two 

GPUs. The training time can be reduced to a couple of hours when using twenty GPUs). 

Also, as tensor processing units (TPUs) become widely accessible, the computation time 

can be further reduced. Computation time of a CNN model can also be reduced by using 

a more computationally efficient architecture. For example, Peng et al. successfully used a 

lightweight deep learning model to achieve highly accurate PBA (Peng et al., 2021).

Our study has some limitations. First, there are various ways to perform imaging 

preprocessing and to build neural networks. A thorough investigation of different 

combinations of imaging pre-processing methods and neural network structures may further 

increase the accuracy of brain age prediction. Second, we used baseline scans to predict 

brain age, which are best suited for our research purpose. We may also investigate potential 

applications of UK Biobank follow-up scans, including using them to confirm the accuracy 

of PBA derived based on baseline scans, and to characterize brain aging over an extended 

period.

Besides genetic factors, lifestyle habits and diseases are also associated with brain aging. 

For example, heavy smoking and alcohol consumption are associated with accelerated brain 

aging, both in specific brain regions and overall (Ning et al., 2020b). Physical exercise 

improves general health and may also slow brain aging and reduce Alzheimer’s disease 

risk (Kramer et al., 2006; Larson et al., 2006). Diseases such as diabetes and schizophrenia 

are associated with accelerated brain aging (Franke et al., 2013; Schnack et al., 2016). As 

large-scale data becomes accessible, including both brain imaging data and information 

about lifestyle factors, RBA based on CNN models can be used to better characterize the 

links between these factors and brain aging.

In summary, the CNN model more accurately characterized brain aging than a regression 

model, which led to the identification of novel associations between SNPs and brain aging. 

We suggest that a more accurate PBA is likely to enable better characterization of the 

association between brain aging and other lifestyle or disease factors.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights

• We analyzed brain imaging and genetic data from more than 15,000 UK 

Biobank subjects.

• We trained a convolutional neural network model to accurately predict brain 

age.

• We identified novel genetic factors significantly associated with brain aging.
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Fig. 1. 
Architecture of the convolutional neural network model for predicting brain age based on 

MRI data. Curved arrows indicate skip connections between layers.
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Fig. 2. 
Procedure for obtaining PBA and RBA through a 5-fold cross-validation strategy and then 

carrying out RBA-SNP association analyses.
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Fig. 3. 
Manhattan plot of the association p-values between SNPs and relative brain age across the 

genome. The red dashed line indicates the genome-wide significance threshold on p-value 

(i.e., 5E-8).
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Fig. 4. 
Regional visualization of a locus on Chromosome 4 where SNPs showing genome-wide 

significant associations with relative brain age are located.
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Fig. 5. 
Regional visualization of a locus on Chromosome 17 where SNPs showing genome-wide 

significant associations with relative brain age are located.
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Fig. 6. 
Comparison of SNP-RBA association signals identified using RBA from a linear regression 

model and using RBA from a convolutional neural network model.
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