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In recent years, several studies have demonstrated that machine learning and deep learning systems can be very 

useful to accurately predict brain age. In this work, we propose a novel approach based on complex networks using 

1016 T1-weighted MRI brain scans (in the age range 7 − 64 years). We introduce a structural connectivity model 

of the human brain: MRI scans are divided in rectangular boxes and Pearson’s correlation is measured among 

them in order to obtain a complex network model. Brain connectivity is then characterized through few and 

easy-to-interpret centrality measures; finally, brain age is predicted by feeding a compact deep neural network. 

The proposed approach is accurate, robust and computationally efficient, despite the large and heterogeneous 

dataset used. Age prediction accuracy, in terms of correlation between predicted and actual age 𝑟 = 0 . 89 and 

Mean Absolute Error MAE = 2 . 19 years, compares favorably with results from state-of-the-art approaches. On an 

independent test set including 262 subjects, whose scans were acquired with different scanners and protocols we 

found MAE = 2 . 52 . The only imaging analysis steps required in the proposed framework are brain extraction and 

linear registration, hence robust results are obtained with a low computational cost. In addition, the network 

model provides a novel insight on aging patterns within the brain and specific information about anatomical 

districts displaying relevant changes with aging. 
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. Introduction 

Brain aging is a continuous and lifelong process. Although abnormal

lterations must be carefully distinguished from physiological changes,

t is manifest that general comorbidity factors and several pathologies,

uch as HIV ( Zahr, 2018 ), schizophrenia ( Schnack et al., 2016 ) and di-

betes ( Roriz-Filho et al., 2009 ), are well correlated with aging, not to

ention neurodegenerative diseases, such as Alzheimer’s disease, ( Cole

nd Franke, 2017; Cole et al., 2018; Franke et al., 2010 ). Accordingly,

he design and development of accurate age prediction models measur-

ng “brain gap ” ( Franke and Gaser, 2019 ), i.e. the difference between

he predicted brain age and the actual one, are crucial to help identify-
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ng novel markers for such diseases and provide sound systems for early

iagnosis. 

In recent years, machine learning and deep learning approaches have

emonstrated the possibility to accurately predict age from brain MRI

cans ( Aycheh et al., 2018; Madan and Kensinger, 2018 ). Two different

trategies have been typically adopted: the preferred one consists of ex-

racting a compact representation of data, usually exploiting a combina-

ion of various pre-processing, feature extraction and supervised learn-

ng techniques ( Ashburner, 2007; Erus et al., 2015; Konukoglu et al.,

013; Sabuncu and Van Leemput, 2012 ); an alternative approach, ex-

loiting raw high-dimensional data, is currently attracting significant

nterest, especially thanks to novel advances provided by convolutional

eural networks ( Cole et al., 2017; Feng et al., 2020; Putin et al., 2016 ).

xhaustive reviews of the field have been recently published ( Cole et al.,

019; Franke et al., 2017 ). In the present work, we propose a novel ap-

roach to age prediction based on graph theory. 
article under the CC BY-NC-ND license 
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Table 1 

Enrolled subjects, age range and clinical di- 

agnosis of ABIDE I dataset per site. The list 

of acronyms is reported in footnote 4 . 

Site Enrolled Age (yr) (NC/ASD) 

CAL 38 17–56 19∕19 
CMU 27 19–40 13∕14 
KKI 55 8–12 33∕22 
LEU 64 12–32 35∕29 
MUN 57 7–58 33∕24 
NYU 184 7–39 105∕79 
OHSU 28 8–15 15∕13 
OLIN 36 10–24 16∕20 
PITT 57 9–35 27∕30 
SBL 30 20–64 15∕15 
SDSU 36 8–17 22∕14 
STAN 40 7–12 20∕20 
TRI 49 12–26 25∕24 
UCLA 109 9–18 47∕62 
UM 145 8–29 77∕68 
USM 101 9–50 43∕58 
YALE 56 7–18 28∕28 
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Regarding neuroimaging, brain connectivity has been extensively

tudied from both functional and structural perspectives. Starting from

unctional MRI data, it is possible to measure synchronization of differ-

nt anatomical regions and use mathematical pairwise similarity mea-

urements to construct a network model. This kind of approach has

een suitably adopted in several contexts, ranging from schizophrenia to

utism and aging, too ( Abellaneda-Pérez et al., 2019; Bagarinao et al.,

019; Lombardi et al., 2019; Spreng et al., 2016 ). Concerning struc-

ural connectivity, the situation is more variegated. Initial approaches

o structural brain connectivity relied on segmentation of brain regions

nd measurements of volume covariance; this panorama substantially

hanged with diffusion data, for which several algorithms allow the

valuation of physical connections ( Damoiseaux, 2017; Fjell and Wal-

ovd, 2010; Wu et al., 2020 ). 

In graph theory, a complex network is a collection of interconnected

bjects, which can be represented in visual and mathematical terms with

 diagram, called a graph. The elements of the complex network are re-

erred to as nodes or vertices, and their mutual connections are called

inks or edges. A network yields an overall description of the system un-

er investigation, e.g. unveiling the dynamics that determines its orga-

ization; besides, specific network properties known as centrality mea-

ures characterize the importance of each node, by taking into account

he number and quality of its connections. In the following, we shall as-

ume that aging processes affect the local organization of the brain and,

herefore, that network centralities can be a reliable proxy of aging. This

ypothesis is motivated by our previous works, where we explored mul-

iplex network models for the early diagnosis of brain diseases ( Amoroso

t al., 2019; 2018a; 2018b; La Rocca et al., 2018 ). In particular, studying

lzheimer’s disease and Parkinson’s disease, we observed how a multi-

lex network could accurately model neurodegenerative patterns. How-

ver, this work presents some fundamental differences from the previous

nes: first of all, the model proposed here is mathematically simpler, as

t is based on single subject networks instead of multiplex ones; more-

ver, it is easier to interpret because it exploits only features directly

elated to nodes and therefore concerning a specific anatomical coun-

erpart; finally, it is more efficient from the computational perspective.

As far as we know, the results presented here are the most accu-

ate ones achieved for age prediction with a complex network model. In

eneral, we demonstrate that a network model can be profitably used to

hed light on the mechanisms that relate brain connectivity and aging

nd, above all, to characterize these mechanisms from an anatomical

erspective. This result is remarkable compared with other studies, in

hich an intuitive interpretation is often hindered by model complex-

ty. Finally, it is worth mentioning that our results were achieved on

he Autism Brain Imaging Data Exchange I (ABIDE I) dataset, which is

articularly challenging to analyze because of its heterogeneity, due for

xample to the number of different data collection sites and acquisition

rotocols. 

. Materials 

Data examined in this work were collected by the ABIDE initiative

rom 17 different international sites, and refer to various acquisition pro-

ocols ( Di Martino et al., 2014 ). These data include 𝑇 1− weighted MRI

rain scans of 1112 individuals, whose age ranges from 7 to 64 years,

ith a mean value of 17 ± 8 years, which makes the data distribution

ighly right-skewed; for each scan, the age of patients is provided, see

able 1 for a synthetic per-site overview. 
3 
3 California Institute of Technology (CAL), Carnegie Mellon University (CMU), 

ennedy Krieger Institute (KKI), Univeristy of LEUVEN (LEU), Ludwig Maxim- 

lians University Munich (MUN), NYU Langone Medical Center (NYU), Oregon 

ealth and Science University (OSHU), Olin Institute of Living at Hartford Hos- 

ital (OLIN), University of Pittsburgh School of Medicine (PITT), Social Brain 

ab BCN NIC UMC Groningen and Netherlands Institute for Neurosciences (SBL), 

g  
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The subjects can be divided into two clinical cohorts: patients af-

ected by Autism Spectrum Disorder (ASD) and age-matched normal

ontrols (NC). Some useful information provided by ABIDE initiative

s a quality rating assigned by three human experts to every MRI scan.

he rating has three possible labels: “Ok ”, “maybe ” or “fail ”; in some

ases, notes explaining the judgment are present too. Although all im-

ges considered in this work are collected with 3 Tesla scanners, data are

xtremely heterogeneous: scanners from different manufacturers were

sed, and even in the rare circumstances in which the same scanner was

mployed, echo time, repetition time, flip angle and field of view (just to

ention a few typical MRI parameters) were set with different values. A

etailed description of scan procedures and MRI parameters by site are

vailable at http://fcon_1000.projects.nitrc.org/indi/abide ; it is worth

entioning that data used in this paper are also publicly available, on

he same site, and free to download after registration. 

Considering the heavy right-skewness of age distribution, 22 sub-

ects older than 40 years were excluded from this study; moreover, we

isregarded 29 subjects whose quality rating included 2 “fail ” marks

nd 45 subjects whose MRI data were affected by registration errors,

hus resulting in a final set of 1016 subjects with mean age 16 ± 6 years,

epresenting 91% of the entire database. An independent and heteroge-

eous test set was performed, using 262 subjects in the age range 7–40

ears: 78 subjects from ABIDE I and 184 subjects from Beijing Normal

niversity 4 database were uniformly sampled according to the age dis-

ribution. 

. Methods 

.1. Overview of methodology 

The overview of the proposed approach is illustrated in Fig. 1 . The

ethod consists of two main phases: network modeling and learning. 

In the modeling phase, each MRI brain scan undergoes a fully

utomated processing pipeline aiming at correcting gray-level in-

omogeneities, due to magnetic field bias, and spatial normal-

zation. Scans were skull-stripped with the Brain Extraction Tool

 Jenkinson et al., 2005 ) and inhomogeneity-corrected with the N4 al-

orithm ( Tustison et al., 2010 ). Then, all images and brain volumes
an Diego State University (SDSU), Stanford University (STAN), Trinity Centre 

or Health Sciences (TRI), University of California Los Angeles (UCLA), Univer- 

ity of Michigan (UM), University of Utah School of Medicine (USM), Yale Child 

tudy Center (YALE). 
4 http://fcon_1000.projects.nitrc.org/indi/retro/BeijingEnhanced.html . 

http://fcon_1000.projects.nitrc.org/indi/abide
http://fcon_1000.projects.nitrc.org/indi/retro/BeijingEnhanced.html
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Fig. 1. The proposed method is divided in two 

phases: network modeling and learning. After 

MRI data is co-registered, patches are extracted 

and vectorized, then a correlation matrix is 

computed. The nodal strength is computed for 

all nodes, and this feature representation feeds 

a deep neural network. 

Fig. 2. After spatial normalization, each MRI scan is divided 

in homologous rectangular boxes called patches. 
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ere spatially normalized with a linear affine registration ( Avants et al.,

011 ) to the MNI152 reference space, with dimensions 182 × 218 ×
82 and 1 × 1 × 1 mm 

3 resolution. 

We deliberately decided not to include in such a pipeline any step

hat was not strictly necessary to achieve a robust standardization.

on-linear registration, artifact removal and signal-to-noise ratio en-

ancement are just a few examples of possible neuroimaging analyses

hich have been avoided here. Actually, we preferred to ensure a sub-

ptimal correspondence of gray-level distributions and anatomical re-

ions, keeping the analysis free from compelling computational require-

ents and debates about the adoption of the optimal cutting-edge tech-

ique, provided that within the neuroimaging community, the choice

f a particular software or a specific imaging pipeline has not gained a

onsensus yet. 

After spatial normalization, we segmented the brain into

rectangular boxes, called patches; the patches in which non-

rain voxels represent more than 10% of the patch volume were not

onsidered in the analysis. Interestingly, the patch size has a negligible

ffect on the model accuracy over a wide range of patch volumes

 < 2500 voxels). Further details about the patch segmentation and their

imensions ( 𝑝 1 , 𝑝 2 , 𝑝 3 ) are discussed in the Supplementary materials

section Machine Learning Strategies). 

Thus, each MRI scan is represented by a collection  = {1 , ..., 𝑁} of

atches, see Fig. 2 . 

Then, it is straightforward to introduce the network model by con-

idering the set of all the 𝑛 = 𝑁 ⋅ ( 𝑁 − 1)∕2 patch pairwise similarities

 = { 𝑙 1 , 𝑙 2 , ..., 𝑙 𝑛 } , measured between each pair of patches using Pearson’s

orrelation. The couple (  ,  ) defines a mathematical object called a

raph, i.e. our complex network. 
n  

s  
.2. Network modeling 

For a complex network 𝐺 = (  ,  ) ,  represents the set of nodes and

 the set of links. The nodes are the elements of interest within the sys-

em to study while the links represent their mutual interactions. In gen-

ral, there is not a unique recipe to identify nodes and connections of

 system; on the contrary, it is up to investigators to conceive the most

uitable model for a specific situation. For neuroimaging, several net-

ork models have been already proposed ( Betzel and Bassett, 2017;

ullmore and Sporns, 2009; Cannistraci et al., 2013; Qi et al., 2019;

hou et al., 2006 ): functional or structural imaging, cross-sectional or

ongitudinal data, single-subject or group-wise models are just a few

xamples of the diversified strategies employed so far. 

Using the previously mentioned patches, we defined our own brain

etwork. A patch includes a fixed number of voxels, whose gray levels

ay be seen as components of a vector. To measure the pairwise simi-

arity between two patches, we used Pearson’s correlation; to take into

ccount symmetrical parity, only absolute correlations were used. Using

orrelations is motivated by three reasons: (i) correlations take into ac-

ount both the similarity of gray-level distributions within a patch and

heir spatial configuration; (ii) they are fast to compute and easy to im-

lement, thus not involving any computational drawback; (iii) correla-

ions have a straightforward interpretation, making them a good choice

or clinical purposes. 

The proposed model depends on three free parameters that cannot

e determined a priori and require an accurate evaluation: the patch di-

ensions ( 𝑝 1 ) , ( 𝑝 2 ) and ( 𝑝 3 ) , which are taken along the perpendicular di-

ections to the coronal, the axial and the sagittal planes, respectively.

nce these dimensions are set, the overall number of nodes within the

etwork is defined by the need to cover the whole brain. For the present

tudy, we used a 𝑝 1 = 15 mm, 𝑝 2 = 10 mm and 𝑝 3 = 10 mm configuration,
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Fig. 3. Age predicted according to network model compared with actual age of 

each subject. 

Table 2 

For each algorithm we report mean and standard deviation of Mean 

Absolute Error (MAE), Root Mean Squared Error (RMSE) and Pearson’s 

correlation 𝜌. Results are obtained with 100 10− fold cross-validation 

rounds. 

Algorithm MAE RMSE 𝜌

Deep learning 𝟐 . 𝟏𝟗 ± 𝟎 . 𝟎𝟐 𝟐 . 𝟗𝟏 ± 𝟎 . 𝟎𝟑 𝟎 . 𝟖𝟗𝟎 ± 𝟎 . 𝟎𝟎𝟑 
Random Forests 3 . 09 ± 0 . 02 4 . 13 ± 0 . 03 0 . 770 ± 0 . 006 
Lasso 2 . 54 ± 0 . 02 3 . 34 ± 0 . 02 0 . 850 ± 0 . 002 
Ridge 2 . 49 ± 0 . 01 3 . 29 ± 0 . 02 0 . 858 ± 0 . 002 
Elastic net 2 . 50 ± 0 . 02 3 . 30 ± 0 . 02 0 . 855 ± 0 . 002 
Support Vector Machine 2 . 40 ± 0 . 03 3 . 19 ± 0 . 04 0 . 870 ± 0 . 004 
Relevance Vector Machine 2 . 48 ± 0 . 03 3 . 25 ± 0 . 03 0 . 859 ± 0 . 003 

p  

p  

p  

P  

L  

E  

S  

t  

m

4

4

 

p  

f

 

a  

0  

i

 

esulting in a network with 𝑁 = 1184 nodes. Measuring pairwise similar-

ties, we obtained a complete graph, i.e. a network whose nodes are max-

mally connected to each other. Such a network is particularly challeng-

ng to manage, as it has 𝑁( 𝑁 − 1)∕2 connections, which for the present

ase account for ∼ 10 6 elements. As suggested by Mukaka (2012) , we

et to zero the correlations below the 0.3 value as they are considered

egligible . Accordingly, we applied a threshold to connections and set to

ero those ones with correlation below 0.3, on average ∼ 10 4 spurious

onnections. 

Finally, it is worth mentioning that each patch can contain sev-

ral anatomical regions so we can consider the network neither strictly

natomical nor functional. However, since our model has been devel-

ped starting from 𝑇 1 -weighted images, we can regard it as falling

ithin the large domain of structural connectivity. 

.3. Learning 

The second phase of our framework is dedicated to learning from the

etwork model. As the goal of our study is to capture brain changes due

o aging effects, it is reasonable to assume that the main features detect-

ng such changes should be those related to nodal centrality. Besides,

t is worth to observe that, for clinical interpretability, it is desirable to

eal with properties which can easily be related to brain anatomy. 

In general, three distinct types of centrality measures are distin-

uished: metrics like strength evaluate the direct influence a node has

n the others; if we are interested in the mediative effect of a node, in

hese situations a proper centrality measure is betweenness; when it is

esirable to consider centrality from a global perspective, measures like

igenvector centrality are preferred, see Network Centralities in Supple-

entary Materials for formal definitions. Based on these considerations,

e opted for nodal strength. This network centrality measure is used to

valuate the nodal importance and the direct effects a node has onto its

eighbors. 

Accordingly, we obtained an 𝑆 ×𝑁tabular representation of our

ata, where 𝑆is the number of subjects; then, we fed a deep neural net-

ork to extract and shape non-linear patterns eventually relating net-

ork centralities and aging. Our hypothesis was that a deep neural net-

ork would be an appropriate option to manage the intrinsic complex-

ty of the brain and identify features which accurately predict its age.

ecent studies have demonstrated the effectiveness of deep learning ap-

roaches for MRI analyses within a large number of different domains

nd several purposes ( Benou et al., 2017; Durstewitz et al., 2019; Leibig

t al., 2017 ). 

Our proposed architecture is a feedforward deep neural network im-

lemented with the “h2o ” R package. 5 Whenever possible, we used the

efault values in order to avoid overfitting issues and emphasize the

obustness of our connectivity model. The hyper-parameters explored

ith a grid-search approach were the number of hidden layers, the num-

er of neurons and the activation functions. By default, h2o implements

n adaptive learning rate for its stochastic gradient descent optimiza-

ion. This algorithm depends on two parameters, 𝜏and 𝜖, which control

he balance of global and local search efficiencies; 𝜏is the similarity to

rior weight updates and 𝜖is a parameter preventing the learning to be

topped in a local minimum. Defaults values 𝜏 = 0 . 99 and 𝜖 = 10 −8 were

sed. In training, we determined our best configuration consisting of

our hidden layers with 200, 100, 50, and 20 neurons, respectively. The

ctivation functions leading to the best performance for both accuracy

nd computational burden was the linear rectifier. The tuning of the pa-

ameters was set according to the performances obtained on a fraction

f training examples that were used for internal validation. 

To evaluate the performance of our model, we used three distinct

etrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE)

nd Pearson’s correlation ( 𝜌) . All performed analyses employed 100 re-
5 https://www.h2o.ai/ 

m  

f  

M  
eated 10− fold cross-validations to assess robustness and generalization

ower in the regression task. Finally, as there is no a priori reason to

refer deep neural networks over state-of-the-art regressors ( Ho and

epyne, 2002 ), we also employed Random Forest ( Liaw et al., 2002 ),

asso regression ( Tibshirani, 1996 ), Ridge regression ( Hoerl, 1986 ),

lastic Net ( Zou and Hastie, 2005 ), Support Vector Machine ( Smola and

chölkopf, 2004 ) and Relevance Vector Machine ( Tipping, 2000 ); fur-

her details on their prediction accuracies are discussed in the Supple-

entary Materials (Section Machine Learning Strategies). 

. Results 

.1. Age prediction: accuracy and robustness 

Analysis showed that our complex network model allows robust age

redictions despite using several different learning algorithms. Best per-

ormance is achieved using a deep neural network, see Fig. 3 . 

Prediction accuracy in terms of MAE and RMSE is 2 . 19 ± 0 . 03 years

nd 2 . 91 ± 0 . 03 , respectively; in terms of Pearson’s correlation 𝜌 =
 . 890 ± 0 . 003 . The comparison with other learning methods is presented

n Table 2 . 

Although all methods show accurate predictions in terms of all three

etrics, deep neural network is significantly better ( 𝑝 < 10 −4 after Bon-

erroni correction). Random Forest regression is the least accurate with

AE = 3 . 09 ± 0 . 02 , RMSE = 4 . 13 ± 0 . 03 and 𝜌 = 0 . 770 ± 0 . 004 . The MAE

https://www.h2o.ai/
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Table 3 

Comparison between training and test performance. 

Dataset MAE RMSE 𝜌

Training 2 . 19 ± 0 . 02 2 . 91 ± 0 . 03 0 . 890 ± 0 . 003 
Test 2 . 5 ± 0 . 2 3 . 2 ± 0 . 2 0 . 78 ± 0 . 02 

Fig. 4. Age prediction and actual age comparison for subjects of age 7–20 years. 
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rovides a direct way to assess the differences among the various learn-

ng methods; in fact, the difference from the best performing algorithm

nd the worst one is just 1.04 years, corresponding to a relative uncer-

ainty of about 3% . 

.2. Generalization on an independent test set 

To evaluate how the results of the proposed connectivity model gen-

ralize when considering independent data, possibly acquired with dif-

erent scanners and protocols, we ran the model learnt using the training

et on an independent test set of 262 subjects whose age ranged from 7

o 40 years. 

The cross-validation models trained with only ABIDE data were then

sed for prediction. In this way, we were able to estimate not only the

erformance metrics but also their uncertainties. Results are reported in

he following Table 3 along with training metrics for comparison. 

A statistically significant deterioration was detected in all reported

etrics, especially when considering correlation. As a final remark, it

s worth noting that test uncertainties, in terms of standard deviations,

re larger by an order of magnitude than those obtained in training. 

For further comparison, we investigated the test perfomance by di-

iding ABIDE and Beijing subjects, in fact we found for ABIDE sub-

ects MAE = 2 . 3 ± 0 . 3 , RMSE = 3 . 0 ± 0 . 3 and 𝜌 = 0 . 40 ± 0 . 04 while for Bei-

ing subjects MAE = 2 . 7 ± 0 . 2 , RMSE = 3 . 7 ± 0 . 2 and 𝜌 = 0 . 85 ± 0 . 03 . 

.3. Age prediction during development 

We analyzed the performance of our model in the development age,

herefore we considered the subset of subjects within the 7–20 age

ange, resulting in 777 subjects with mean age 13 ± 3 years, see Fig. 4 . 

In this case we registered the following results: MAE = 1 . 53 ±
 . 02 , RMSE = 1 . 94 ± 0 . 02 and 𝜌 = 0 . 787 ± 0 . 006 . Compared to previous

esults, obtained with the whole dataset, all performance metrics

howed significant differences: MAE and RMSE showed an improvement

 30% and 24% , respectively) while correlation worsened ( 12% ). 
.4. Sample size and site heterogeneity 

We explored the performance accuracy of our model with a varying

ercentage of training examples to evaluate how sample size affects the

odel accuracy. The 10-fold cross-validation accuracy of our model was

valuated with an increasing number of subjects, ranging from 10% to

0% . 

As expected, we observed a monotone improvement of performance

ssociated with an increasing sample size. Interestingly, we observed

wo distinct behaviors: with sample size below 40% of all examples, there

as a steep descent of MAE; then, the performance continued to im-

rove, but with a lower slope. Results are shown in Fig. 5 

To understand how much site heterogeneity affects prediction accu-

acy, we also computed the median MAE for each site and estimated the

elated probability density function. In fact, we observed that this distri-

ution is nicely sharp when 70–90% of examples are used. For MAE dis-

ribution obtained with 90% of examples, the interquartile range is 0.71

ears and 1.23 years for 70% . The distribution width dramatically broad-

ns when using 30% or 10% of examples, in these cases the interquartile

ange is 1.50 years and 1.96 years, respectively. 

.5. Reliability of network centralities 

We evaluated if the model accuracy was affected by our choice of us-

ng the nodal strength to characterize the importance of different brain

egions. We compared the informative content provided by strength,

nverse participation, betweenness and eigenvector centrality. Interest-

ngly, Fig. 6 shows that using other centrality metrics or combining them

oes not provide any significant improvement. 

We performed 100 10-fold cross-validations to compare the model

ccuracy obtained with strength with the one obtained using the other

etrics. A statistical comparison showed that the only significant dif-

erence was that found using betweenness; in that case MAE was 3.05.

nother interesting aspect is that no significant difference is observed

hen using all network centralities. 

Furthermore, for each network centrality measure we evaluated the

nherent feature importance ranking, in order to understand whether,

espite the analogous classification performance, centralities exploited

ifferent informative contents. We measured the pairwise Spearman’s

orrelation and found on average a 0.8 correlation, thus we concluded

o significant differences existed. 

.6. Clinical interpretation 

To investigate which features had a strategic role in the age predic-

ion, we calculated variable importance by using the Gedeon method

 Gedeon, 1997 ). This method assesses feature importance by consider-

ng the neuronal weights and propagating them through the network

Supplementary Materials Gedeon Method for a mathematical descrip-

ion). Fig. 7 shows a graphic representation of the 12 most important

atches for aging (importance greater than 99th quantile of the impor-

ance distribution). 

We computed the mean score for each feature over different cross-

alidation rounds; the overall ranking is presented here. The importance

f each patch is coded by the patch size, that is linearly related to the

atch importance, and by a color scale ranging from blue (lowest im-

ortance) to red (highest importance). 

Table 4 presents the anatomical regions included in the patches with

n importance greater than the 99th quantile. The percentage of voxels

hat each region occupies in the patch is also reported. 

It is interesting to notice that some regions such as extra-nuclear

hite matter, thalamus, cingulate, putamen and globus pallidus are re-

urrent in more patches. An exhaustive clinical interpretation of these

egions and their strategical role in brain aging is reported in the Dis-

ussion. 
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Fig. 5. Left panel: prediction accuracy (MAE) measured by varying the training set size. Right panel: the training set size is varied and the MAE is computed for 

each site. As the training set increases, MAE variability over different sites decreases. 

Fig. 6. Despite the use of different centrality measures, the model inherits from 

almost all metrics the capability to accurately predict brain age. The only sig- 

nificant difference is found when using betweenness, in that case performance 

accuracy significantly lowers. 
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. Discussion 

The brain connectivity model, proposed in this work, allows an ac-

urate estimation of brain aging from 𝑇 1 MRI scans. The network model

emains robust also using different machine learning algorithms. The

ighest age prediction accuracy (MAE = 2 . 19 ) is obtained with deep

eural networks and the lowest with random forests. Although these

earning algorithms yield significant differences in terms of MAE, on av-

rage, they differ by only 0.9 years and analogous small discrepancies

re detected with the other metrics. These findings confirm the robust-

ess of our model for brain age prediction and an indirect proof that

t yields a good representation of the data under investigation. This is

specially true when considering approaches sharing important proper-

ies with this study as the use of structural MRI, a similar age range and

he focus on ABIDE subjects ( Corps and Rekik, 2019; Jiang et al., 2019;

ónsson et al., 2019 ). 

The proposed approach has shown reliable performances with an in-

ependent and heterogeneous test set which included ABIDE subjects,

haring acquisition and protocol features similar to the training ones,

nd subjects from Beijing Normal University. Despite this heterogeneity

e observed a limited performance deterioration, especially for what

oncerns MAE and RMSE: for these metrics results are compatible with

hose obtained in training within 2 standard deviations. Pearson’s cor-
Fig. 7. Glass brain with the most important 

patches for brain age prediction. Several views 

are shown: (a) Left Lateral Medial; (b) Anterior; 

(c) Dorsal; (d) Right Lateral Medial; (e) Poste- 

rior; (f) Ventral. Feature importance is repre- 

sented both by color and size of nodes. 
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Table 4 

Anatomical regions pinpointed by the most important patches along with the corresponding per- 

centage of patch voxels occupied by each region and the mean relative importance associated to 

each region. It is worth to underline that the anatomical regions with the same importance value 

are identified by the same patch. BA indicates Brodman area, VLN and LPN indicate Ventral Lateral 

Nucleus and Lateral Posterior Nucleus, L and R indicate left and right hemispheres, and CSF GM 

and WM indicate the presence of cerebrospinal fluid, grey matter and white matter in a certain 

patch. 

Anatomical region Voxel % Mean relative importance 

R Sub-Gyral in Frontal Lobe (WM) 27.7 1.000 

R Medial Frontal Gyrus, BA 6 incl. (GM,WM) 48.9 1.000 

R Paracentral Lobule (WM) 10.1 1.000 

R Sub-lobar Extra-Nuclear (WM) 46 0.946 

R Sub-lobar Putamen (GM) 28.5 0.946 

R Sub-lobar Lateral Globus Pallidus (GM) 12.9 0.946 

R Sub-lobar Extra-Nuclear (WM) 46.9 0.863 

R Sub-lobar Putamen (GM) 10.7 0.863 

R Sub-lobar Lateral Globus Pallidus (GM) 11.5 0.863 

R Sub-lobar Caudate Body (GM) 11.1 0.863 

L Sub-lobar Extra-Nuclear (WM) 10.3 0.779 

L Sub-lobar Thalamus, VLN & LPN incl. (GM) 56 0.779 

L Sub-lobar Extra-Nuclear (WM) 25.9 0.763 

L Sub-lobar Thalamus VLN & LPN incl. (GM) 45.2 0.763 

L Sub-lobar Extra-Nuclear (WM) 59.3 0.733 

L Sub-lobar Thalamus (VLN, GM) 12.2 0.733 

R Sub-lobar Extra-Nuclear (WM) 19.7 0.675 

R Posterior Cingulate in Limbic Lobe (WM) 43.3 0.675 

R Sub-Gyral in Parietal Lobe (WM) 10.2 0.675 

R Sub-lobar Extra-Nuclear (WM) 62.47 0.654 

L Brainstem (Midbrain) 66 0.651 

R Brainstem (Midbrain) 25 0.651 

R Medial Frontal Gyrus, BA 32 incl. (GM) 19.5 0.643 

R Cingulate Gyrus in Limbic Lobe, BA 24 & 32 incl. (WM) 54.9 0.643 

L Inferior Parietal Lobule, BA 40 incl. (GM, WM) 95.6 0.593 

R Sub-Gyral in Temporal Lobe (WM) 12.5 0.584 

R Sub-Gyral in Parietal Lobe (WM) 26.1 0.584 

R Sub-lobar Extra-Nuclear (WM) 56.9 0.584 
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6 https://web.archive.org/web/20200214101600/ https://www.photon- 
elation suffers a more evident deterioration, but this is somehow ex-

ected as it is well known how sample size affects correlation measures

oth in terms of stability and accuracy ( Bland and Altman, 2011; Schön-

rodt and Perugini, 2013 ). In test, we also observed larger uncertainties

bout the performance metrics: on one hand, this is a consequence of

he accuracy loss suffered by predictions, but on the other hand this

ffect could also depend on the fact that the age of subjects from the

eijing dataset is given in integers, i.e with a year precision. We also

nvestigated the test performance of ABIDE and Beijing subjects, sepa-

ately. We observed that ABIDE test predictions were compatible with

he training ones, except for correlation; although Beijing predictions

uffered a more significant loss, even in this case we observed a sub-

tantial agreement with cross-validation estimates, suggesting that the

odel was able to generalize to novel unseen data. 

The model accuracy (MAE = 1 . 53 ) and stability was also proved

hen considering only developmental subjects (7–20 years). Several

ge prediction models ranging from early childhood to young adulthood

ave been developed so far ( Ball et al., 2017; Brown et al., 2012; Cao

t al., 2015; Dosenbach et al., 2010; Erus et al., 2015; Khundrakpam

t al., 2015; Wang et al., 2014 ), with accuracies for brain age predic-

ions ranging in from 𝜌 = 0 . 43 to 𝜌 = 0 . 96 , and MAEs from 1.0 to 1.9 years.

n general, the model accuracy compares well with the state-of-the-art

 Franke et al., 2017 ). 

Comparing results about ranges 7–20 years and 7–40 years, MAE and

MSE improved compared to overall results, while Pearson’s correlation

howed a worsening. This effect can be explained on one hand taking

nto account the specificity of the ABIDE I dataset: the age distribution

s clearly unbalanced, thus considering a restricted age range allows a

ore effective learning and an improvement of MAE and RMSE; for what

oncerns correlation, again we should note the effect of sample of size
n this metric. a
Data heterogeneity, cross-validation framework, sample size and age

ange are determinant features when considering age prediction. For

xample, a BrainAGE study ( Franke et al., 2012 ) carried out in leave-

ne-out on 394 with data collected from six different size and patients

ith a sharper age range (with average 10 . 7 ± 3 . 9 years) led to a slightly

etter performance of MAE = 1 . 1 years and correlation 𝜌 = 0 . 93 . An anal-

gous study was carried out on wider age ranges Franke et al. (2010) .

his study employed scans from three different scanners and 550 indi-

iduals aged 19–86 years and an independent test, collected on a fourth

canner, from 108 subjects, aged 20–59 years. In this case, the authors

eported 𝜌 = 0 . 92 and MAE = 5 years; although using analogous predic-

ion models, results can severely be affected by previously mentioned

spects. 

The interest to age prediction with deep learning methods has re-

ently grown, as testified for example by the international challenge

redictive Analytics Competition 2019 6 , held in 2019. The winning al-

orithm ( Peng et al., 2019 ), using lightweight deep neural networks, re-

orted a 2.90 MAE years on a testing cohort of 2638 subjects. Recently, a

onvolutional Neural Network was employed to predict brain age from

 large dataset of healthy subjects aged 18–90 years ( Cole et al., 2018 ).

his study reported a MAE of 4.65 years for MRI raw data, thus demon-

trating the effectiveness and reliability of deep learning approaches.

n Amoroso et al. (2019) we also implemented a pipeline for brain age

rediction exploiting deep learning. However, age predictions were ob-

ained on a smaller cohort of 484 individuals from 5 publicly available

ources with a roughly uniform age distribution in the range 7–80 years.

he present analysis has significantly improved those results. Besides the
i.com/pac2019 . 

https://web.archive.org/web/20200214101600/
https://www.photon-ai.com/pac2019
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ifferences in terms of performance and data, it is also remarkable that

n the present study a different and simpler network model was adopted.

Neuroimaging processing pipelines include several different options

nd packages, thus in many cases the computational burden can be diffi-

ult to afford and requires dedicated ICT resources. Furthermore, in the

ase of pediatric imaging, particular techniques as special masking or

edicated templates for spatial normalization are needed. On the con-

rary, our approach minimizes image processing techniques to the basic

spects of intensity and spatial normalization. Besides, as each technique

dopts its specific assumptions, their use yields the need to consider ad-

itional confounds. 

Investigating the effect of sample size on the performance, we found

hat accuracy experiences a continuous deterioration as the training

ample size reduces. This trend can be accurately fitted by a power

aw. Although this behavior has been already observed in homogeneous

atasets ( He et al., 2020; Schulz et al., 2019 ), we would not exclude here

 possible relation with data heterogeneity. When less than 50% of train-

ng data is considered, the diversity of sites, protocols and the skewness

f age distribution could impair the learning ( Castrillon et al., 2014;

ielsen et al., 2013 ). 

However, our results confirm that this performance loss is mitigated

y increasing size of training; in fact, it is known that a key param-

ter determining age prediction accuracy is the training sample size

 Franke et al., 2010 ). 

The proposed network model exploits nodal centrality to assess how

ifferent brain regions affect aging. We demonstrated that the infor-

ative content of the proposed approach does not depend on the spe-

ific centrality measure adopted. In fact, all centrality measures per-

orm equally in terms of model accuracy; the only exception is between-

ess, but this is somehow reasonable. Strength, inverse participation and

igenvector centrality are centrality measures that, with a slightly dif-

erent nuance, capture the direct effect of a node onto its neighbors; be-

weenness is conceptually different as it is a measure of indirect effects

 Freeman, 1978; Friedkin, 1991 ). Accordingly, direct measures must be

referred; furthermore, direct measures are easier to interpret and this

s an advantage, especially for clinical purposes. 

Our results show that sub-lobar extra-nuclear white matter and tha-

amus, identified by the most important patches for a total of 5186 vox-

ls and 1702 voxels, respectively, play a central role in aging. Extra-

uclear white matter has been widely reported as a region involved

n the aging process and responsible for the compensatory ventricu-

ar enlargement due to the brain volume decrease associated with age

 Whitacre, 2008 ). The Thalamus is a strategical brain region support-

ng cognitive functions known to decline in normal aging such as mem-

ry, attention and information processing. Multimodal brain imaging

as revealed age-related thalamic changes over the adult lifespan. In

articular, integrity of the thalamic nuclei were found to decline with

dvancing age and their size was found to correlate with the ability

o perform cognitive processes involving attention and memory ( Fama

nd Sullivan, 2015; Tullo et al., 2019 ). Several studies observed brain

hanges related to age in putamen, caudate, medial frontal gyrus, cingu-

ate, brainstem and sub-gyral regions, therefore fully in agreement with

ur findings ( Abe et al., 2008; Amoroso et al., 2019; Cortés et al., 2015;

hao et al., 2019 ), Lombardi et al. . Age-related gray matter atrophy in

ingulate gyrus has always been a debated topic and literature studies

ave been conflicting Terribilli et al. (2011) . However, PET and FDG-

ET studies have shown metabolic age-related changes in Brodman area

4 and 32 of the cingulate gyrus and in Brodman area 6 of the medial

rontal gyrus, in line with our results Charney et al. (2013) . 

. Conclusions 

In this work we present a thorough framework for age prediction

ased on a robust complex network approach yielding a structural con-

ectivity description. Age prediction based on our network model is

ighly accurate and the findings are confirmed even when considering
ubjects in developmental age. Network centralities are suitable metrics

o characterize aging patterns, in particular, the strength of nodal con-

ections best captures the brain changes over time. Finally, the model

roposed is easy to interpret and yields an importance ranking of brain

egions affecting age prediction accuracy. The model is somewhat af-

ected by data heterogeneity, in particular due to multi-site variability;

hile sample size increases the model accuracy, data heterogeneity im-

airs the learning phase. Although prediction remains accurate, future

tudies addressing data harmonization techniques and including them

n the framework could further improve the accuracy and reliability. 

ata and code availability 

ABIDE data, neuroimaging software and connectivity/learning soft-

are are publicly available or based on publicly available languages;

urther details about the analyses can be requested by contacting the

uthors. 

upplementary material 

Supplementary material associated with this article can be found, in

he online version, at 10.1016/j.neuroimage.2020.117458 
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