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Abstract 

As individuals age, cortical alterations in brain structure contribute to cognitive decline. However, the 

specific patterns of age-related changes and their impact on cognition remain poorly understood. This 

study assessed the effects of aging on individual gray matter similarity networks, and compared them to 

anatomical and functional connectivity networks derived from diffusion-weighted imaging and resting-

state fMRI, respectively. Our results showed that gray matter similarity networks outperformed 

anatomical and functional connectivity in predicting age and cognition, showing the earliest age-related 

changes across the adult lifespan. These networks also demonstrated greater robustness to individual 

differences in cognition, behavior, and sex. Notably, age-related changes in gray matter similarity were 

associated with the brain’s underlying cytoarchitecture, being strongest in brain regions from cortical 

layers II and III. These findings provide a new biological insight into the neural mechanisms of cognitive 

aging and highlight the potential of individual morphological similarity for capturing complex brain 

changes across the lifespan. 
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Introduction 

Aging is not a uniform process, with some individuals experiencing rapid cognitive decline, whereas others 

remain relatively stable into late adulthood[1, 2]. Understanding the factors that drive these individual 

differences is a central question in cognitive aging research. Among the many mechanisms explored, brain 

connectivity has emerged as a key candidate, given the close relationship between the organization of 

brain networks and cognitive functioning[3]. 

Previous studies show that both functional and anatomical brain networks, measured with diffusion-

weighted imaging (DWI) [4] and functional MRI (fMRI)[5], change with age and are associated with 

declines in attention, executive abilities, memory, and other cognitive abilities [6-13]. Age-related changes 

have been observed in major white matter tracts, such as the corpus callosum and cingulum [14-17], as 

well as in functional connectivity within the default mode [9, 16, 18] and frontoparietal functional 

networks [19]. These changes reflect reduced directionality or increased diffusion of water molecules 

within white matter fibers, and decreased temporal synchronization of functional signals, respectively, 

leading to altered communication between brain regions. Such alterations may impair efficient cognitive 

and motor processing [9, 20, 21]. and contribute to reduced information integration across the brain. 

However, the extent to which these changes explain variability in age-related cognitive outcomes is 

limited[22-24]. This has raised questions about the sensitivity of current imaging approaches and the 

potential confounding effects of motion, physiological noise, and other factors associated with DWI and 

fMRI sequences[4, 25-27]. Moreover, it remains unclear which aspects of brain organization are not 

captured by these widely used methods. 

In response to these challenges, recent work has introduced a new class of methods that estimate the 

similarity between brain regions using structural MRI data, a modality that compared to DWI and fMRI is 

easier to acquire, retains a better spatial resolution and is more commonly used in the clinic[28, 29]. These 

approaches compute correlations between regions based on features such as cortical thickness (CT), mean 

curvature (MC), surface area (SA), sulcal depth (SD), and gray matter volume, resulting in a ”morphometric 

similarity network”. This type of network captures the structural resemblance between regions and has 

shown promise in predicting age and cognitive performance[30-35]. However, because these methods 

rely on a small set of often highly correlated morphometric features—regional correlations are performed 

between four or five morphometric values (CT, MC, SA, SD, gray matter volume)— the amount of 

independent information available to characterize inter-regional similarity is limited, which can prevent 

the detection of meaningful links between brain areas[35].This limitation can reduce the method’s 
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capacity to uncover significant associations between brain areas. Although recent efforts have used 

multivariate distributions of voxel- or vertex-level data to deal with this issue[35-37], these approaches 

are computationally intensive and, therefore, cannot be widely adopted. Finally, no studies have directly 

compared these similarity-based networks with both anatomical and functional connectivity measures in 

aging, which is essential for understanding the unique contributions and limitations of each approach. 

To address these limitations, here we propose a new method that uses regional gray matter volume—a 

simple and widely available structural MRI measure—to construct individual brain similarity networks 

across the adult lifespan  [38]. Our approach begins by creating a group-level network from young, healthy 

individuals using inter-regional correlations of gray matter volume. For each older participant, we then 

generate a perturbed version of this network by incorporating the participant’s data into the group 

network and calculating the difference between this new perturbed network and the original group-level 

one. This yields a personalized deviation map of brain similarity that reflects how much each individual 

diverges from the typical young adult pattern. This method overcomes the limitations of previous 

approaches by capturing individualized deviations from normative brain organization, similar to 

normative modeling[39], while remaining computationally efficient and using only a single, easily 

accessible structural measure. Importantly, inter-regional similarity is estimated across a large reference 

sample rather than across a small set of morphometric features, resulting in substantially higher degrees 

of freedom and increased sensitivity to subtle age-related changes. 

In the current study, we assessed brain similarity in a large sample of cognitively normal individuals aged 

18 to 88 years and compared its performance with both anatomical and functional connectivity networks 

derived from the same participants. Additionally, we assessed how well each method captured variability 

in cognitive performance across multiple domains. Our results demonstrated that the gray matter 

similarity networks outperformed both anatomical and functional connectivity in predicting age and 

cognitive decline. Furthermore, they showed the earliest age-related changes across the lifespan, 

revealing subtle alterations already at 32 years compared to 37 years or 57 years detected by anatomical 

and functional networks, respectively. We found that regions with greater cytoarchitectural similarity 

showed stronger age-related alterations in gray matter, providing an interpretation for our findings. 

Finally, we introduced a deep learning framework that combines our similarity network approach with 

anatomical and functional connectivity networks, significantly improving prediction accuracy compared 

to using any network in isolation. Together, these findings suggest that gray matter similarity is a more 

sensitive marker of brain aging than commonly used measures of brain connectivity, with strong potential 
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for detecting early structural changes that may underlie vulnerability to age-related and 

neurodegenerative conditions. 

 

Results 

We included 632 cognitively normal individuals aged 18 to 88 years from the Cambridge Centre for Ageing 

and Neuroscience (Cam-CAN) (https://www.cam-can.org) cohort who underwent diffusion-weighted 

imaging (DWI), resting-state functional MRI (rs-fMRI) and T1-weighted (T1W) imaging to estimate 

anatomical, functional and brain similarity networks, respectively. All participants completed cognitive 

tests spanning six distinct domains including global fluid intelligence, memory, sensorimotor, language, 

emotional, and executive functions (Table 1). To replicate our findings, we included a second cohort of 

201 cognitively normal participants from the Leipzig Mind-Brain-Body (LEMON) dataset 

(http://fcon_1000.projects.nitrc.org/indi/retro/MPI_LEMON.html) that belonged to a younger (20-35 

years old) or older (59-77 years old) age groups. These individuals underwent a similar brain imaging and 

cognitive evaluation protocol (Supplementary Table 1).  

 

Brain similarity is a better predictor of aging than anatomical and functional connectivity 

All networks used in this study were built using the Brainnetome atlas with 246 cortical and subcortical 

regions. The networks derived from DWI were obtained by applying whole-brain tractography and 

extracting fractional anisotropy (FA) values between these brain regions, whereas those obtained from 

rs-fMRI were obtained from correlations between regional time series (Methods-Individual networks 

construction). Brain similarity networks were constructed in two steps: (1) building a reference network 

for young individuals (below 30 years old) by calculating the Pearson correlation coefficients in gray 

matter volumes between pairs of brain regions, while controlling for total intracranial volume, and (2) 

generating a perturbed network for each participant with or above 30 years old—formed by adding the 

participant’s data to the reference group—and then computing its difference from the reference network. 

For further details, please see Methods-Individual networks construction.  

To predict the age of the individuals from the different networks, we trained three independent Graph 

Neural Networks (GNNs) models. GNNs are adapted to combine the structure and properties of graphs 

and they are becoming the state-of-the-art for several applications related to network neuroscience [40, 

41] (see Methods-Age prediction with GNNs for more details). To assess differences between the 

networks, we performed 10-fold cross-validation, repeated 100 times using randomly generated training, 
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validation, and test datasets for each iteration (Methods-Age prediction with GNNs). The performance of 

each model was evaluated by computing the Coefficient of Determination (R2), Pearson Correlation 

Coefficient (R), Mean Absolute Error (MAE), and Mean Square Error (MSE) between the true and predicted 

ages.   

Our results showed that brain similarity networks have a better age prediction compared to both 

anatomical (R: P=7.70e-20, R2: P=4.74e-9,  MAE: P=1.36e-3, MSE: P=6.49e-11) and functional (R: P=8.39e-34, 

R2: P=1.36e-35, MAEl: P=8.7e-65, MSEl: P=8.03e-55) networks in the CamCAN cohort (Figure 1a, Table 2). 

These results were not due to gray matter atrophy as brain similarity also outperformed this measure in 

predicting age (R: P=1.96e-42, R2: P=2.16e-77, MAE: P=4.91e-99, MSE: P=8.37e-82) as shown in 

Supplementary Figure 1. Findings were replicated in a second cohort of participants who underwent 

comparable brain imaging and cognitive evaluation protocols. However, participants’ ages not continously 

distributed and, grouped into a young group and an old group, requiring age to be modelled as a binary 

outcome. As a result, classification analyses were performed instead of continuous age regression. 

Accordingly, classification-based performance metrics (accuracy, sensitivity, specificity, and area under 

the curve (AUC)) were used to evaluate model performance. Similar results were found in the LEMON 

cohort where brain similarity networks outperformed anatomical connectivity in accuracy (P=0.025) and 

specificity (P=0.0024) and functional connectivity in accuracy (P=1.09e-90), area under the curve (P=3.5e-

86), sensitivity (P=4.53e-35) and specificity (P=3.37e-80), as well as gray matter atrophy in accuracy (P=4.22e-

101), area under the curve (P=1.55e-29), sensitivity (P=4.84e-39) and specificity (P=1.9e-88) when classifying 

young and old individuals (Supplementary Table 2 and Supplementary Figure 1).  

 

Brain similarity changes earlier over the course of aging than anatomical and functional connectivity 

To determine which type of brain network exhibits the earliest age-related alterations, we computed four 

global network measures—clustering coefficient, path length, global efficiency, and modularity. These 

measures capture key properties of network topology, such as local segregation, global integration, and 

community structure, offering a more comprehensive view of network dynamics compared to simple 

measures such as connection strength [42]. Network measures were modelled using cubic smoothing 

spline models [43-45] and the inflection age at which age-related changes start to emerge was calculated 

from the spline-derived first derivative. Our results revealed that brain similarity networks showed the 

first detectable changes for all measures: global efficiency (P=32.9 years; 95% bootstrapped CI [1.0e-

04,0.0065]), clustering coefficient (32.72 years; 95% bootstrapped CI [1.28e-04,0.0058]), modularity 
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(34.12 years; 95% bootstrapped CI [-0.0507,-5.027e-04]) and path length (32.72 years; 95% bootstrapped 

CI [-1.46,-0.0058]). Early age-related changes in brain similarity networks are followed by anatomical 

connectivity networks: global efficiency (43.12 years; 95% bootstrapped CI [-0.0075,-2.14e-04], clustering 

coefficient (42.88 years; 95% bootstrapped CI [-0.0066,-2.04e-04]), modularity (37.48 years; 95% 

bootstrapped CI [-0.0047,-1.94e-05]) and path length (43.12 years; 95% bootstrapped CI [2e-04,0.16]). 

Finally, functional connectivity networks are the last to show changes with aging: global efficiency (62.74 

years; 95% bootstrapped CI [-0.0097,-1.9 e-04]), modularity (57.46 years; 95% bootstrapped CI [-0.0137,-

1.17e-05]), modularity (71.8 years; 95% bootstrapped CI [2.85e-04,0.0154]) and path length (62.91 years; 

95% bootstrapped CI [0.0047,0.1653] (Supplementary Figure 2). Our results align with previous aging 

studies, reporting white matter integrity reductions starting around 50 years old [21, 46] and functional 

connectivity changes from 60 years old [47], while morphometric similarity networks were previously 

reported to show earlier age-related changes around 30 years old [48, 49]. Finally, this pattern is 

consistent with lifespan developmental research, which shows that brain similarity networks are more 

sensitive to age-related changes than anatomical [35] or functional [49] connectivity networks. Together, 

these findings suggest that brain similarity networks detect earlier and more subtle age-related changes, 

both during development and aging, suggesting they are more sensitive to alterations occurring across 

the lifespan. 

 

Regional brain similarity changes show higher overlap with functional connectivity changes 

To further investigate common patterns of age-related degeneration across the different network types, 

we analyzed the contribution of the edges (edge feature importance) to the trained GNNs. For 

visualization and interpretation, edge feature importance was summarized at the regional level (nodal), 

focusing on the top 20% most affected regions (Figure 1b).  

Brain similarity networks exhibited widespread age-related changes, affecting occipital, parietal, and 

temporal cortices, as well as the bilateral thalamus and caudate nuclei. Anatomical networks showed 

prominent changes in frontal areas, including the superior, medial, and orbital gyri, as well as the 

precuneus and thalamus. In contrast, functional connectivity was primarily affected in temporal regions. 

Interestingly, when we computed the overlap across modalities, we observed that 26.92% of the most 

age-affected regions were shared between brain similarity networks and functional connectivity. Overlaps 

between brain similarity and anatomical networks (15.38%) and between anatomical and functional 

networks (7.69%) were also observed but much smaller (Figure 1b). Finally, the LEMON dataset showed 
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similar patterns of overlap across networks, with brain similarity showing the highest overlap with 

functional connectivity networks (Supplementary Figure 3). 

 

Failure to predict age is associated with different individual characteristics across distinct networks 

As no model achieved 100% performance in predicting age, we investigated whether this was related to 

specific participant features. After correcting for age-related bias in the predicted values (for more details, 

see Methods-Phenotype failure estimation), we assessed the relationship between each model’s 

prediction error (computed per individual) and a range of sociodemographic (education and gender), 

cognitive evaluations (fluid intelligence, memory, sensorimotor abilities, language, emotion, and 

executive functions), psychiatric/behavioral measures (depression, anxiety and sleep quality), and white 

matter hyperintensities (reflecting common age-related vascular changes). The correlations between 

prediction errors with certain participant characteristics allows to identify possible biases in the models. 

When certain participant features are associated with larger prediction errors, it indicated that the 

model’s failure is linked to specific phenotypes. This suggests that the model’s performance in predicting 

the age is biased towards participants with certain features, pointing to limitations in how the model 

captures age-related variability. Our results showed that women were estimated to be younger compared 

to men in the anatomical (P=0.002) network model. Failure in the functional network model was 

associated with fluid intelligence, such that underestimated ages were predicted in those participants that 

best performed in this test (R=0.116, P=0.0073). No associations were found between the failure to 

predict age in the brain similarity network model with sociodemographic variables, cognitive, psychiatric, 

or other behavioral evaluations. However, we did find that more severe white matter hyperintensities, 

one of the most important changes occurring in aging[50], affected the prediction of all the models, 

causing an overestimation of the predicted age that was highest in the functional networks (R=0.14, 

P=0.001), followed by anatomical (R=0.13, P=0.002) and finally the brain similarity (R=0.12, P=0.004) 

networks. 

 

Brain similarity is a key predictor of cognition and behavior 

To compare the power of functional, anatomical and similarity-based networks to predict cognitive, motor 

and emotional performance, we used Partial Least Squares (PLS) models. Different tests were selected as 

the response of the PLS models from both Cam-CAN and LEMON cohorts covering six different cognitive 

domains (fluid intelligence, memory, language, emotion, motor and executive function) and three 
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behavioral measures (anxiety, depression and sleep quality) as shown in Table 1. To avoid overfitting and 

improve interpretability, we extracted scalar features by computing four network measures (clustering 

coefficient, path length, global efficiency and modularity) on each of type of network, and included them 

as predictors together with age, sex and education. Predictors were considered important if their Variable 

Importance in Projection (VIP) score was greater than 1[51]. The results revealed that measures calculated 

on brain similarity networks (especially modularity, followed by global efficiency and path length), 

emerged as the most significant predictors (VIP>1) of performance in the different cognitive and 

behavioural tests (Figure 2). In contrast, measures calculated on anatomical and functional networks did 

not emerge as significant predictors of any of the tests. These findings were replicated in the LEMON 

cohort, where cognition and behaviour were best explained (VIP>1) by network measures calculated on 

brain similarity networks, followed by functional connectivity measures (in memory and motor tests)  as 

shown in Supplementary Figure 4.  

 

Brain similarity is higher between the same cytoarchitecture cortical layers 

Due to increasing evidence showing that measures of brain similarity may reflect, at least in part, the 

underlying cortical cytoarchitecture[52, 53], we mapped the Brainnetome atlas to the five fundamental 

cortical types, defined by von Economo and Koskinas[54], including the insula and cingulate cortex [55] 

(Figure 3a). Then, we compared the global efficiency across anatomical, functional and brain similarity 

networks at different ages, considering both whole-brain and intra-group edges—those within the same 

cytoarchitectonic group. Results showed that the global efficiency calculated in brain similarity networks 

increased with age, whereas it decreased in both anatomical and functional networks. This pattern was 

observed in both whole-brain and intra-group networks (Figure 3b). However, intra-group global 

efficiency was higher than whole-brain global efficiency in both gray matter similarity and functional 

networks across the age span. This suggests that regions within the same cytoarchitectonic group 

experience similar rates of gray matter similarity changes, and they were also functionally more 

connected. Our findings indicated that gray matter atrophy did not depend on cytoarchitectural divisions 

(Figure 3c), unlike brain similarity. Finally, by exploring the correlation coefficients between age and the 

number of edges in each cytoarchitectonic group we observed that while the association cortex group 

was the one most affected by age in brain similarity networks, the primary sensory cortex showed the 

strongest age-related effects in anatomical and functional connectivity (Figure 3d). 
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Integrating brain similarity, functional, and anatomical networks improves age prediction and reveals 

network interactions 

When we combined all three types of networks (similarity, anatomical, and functional) into a multimodal 

GNN model, we observed that a greater predictive performance was achieved, surpassing the similarity 

networks model alone (R: P=5.07e-07, R2: P=6.39e-04, MAE: P=0.0123, MSE: P=0.0037), as shown in Table 

2. By exploring the edge feature importance of the multimodal model we observed that 75% of the most 

contributing regions were shared with brain similarity networks, suggesting that brain similarity is the 

most important network in the multimodal model (Figure 4a). Further analysis of the multimodal model 

revealed that edges shared across the three network types were the most predictive of age, forming a 

bilateral pattern with clusters in the parietal and occipital lobes and an interhemispheric connection 

linking parietal regions. Notably, functional connections overlapping with brain similarity also exhibited 

strong predictive value, followed by those overlapping between functional and anatomical networks 

(Figure 4b). Interestingly, the overlap between functional and brain similarity networks was primarily 

characterized by inter-lobe connections, whereas the overlap between functional and anatomical 

networks was dominated by intra-lobe connections. 

Finally, in the LEMON dataset, the multimodal model did not outperform single-modality networks, likely 

due to their already high predictive performance. However, it showed brain patterns consistent with those 

observed in the CamCAN dataset. Notably, it revealed that patterns of regional overlap with brain 

similarity networks and edges across all the three network types were the most predictive of age. 

Additionally, functional connections overlapping with both brain similarity and anatomical networks also 

showed strong predictive value in the multimodal model (Supplementary Figure 3).  

 

Discussion 
 
In recent years, increasing attention has been devoted to understanding the variability in how individuals 

age and why some people experience cognitive decline while others remain normal. This growing interest 

stems from the rising prevalence of age-related disorders and the urgent need to identify early markers 

that can detect deviations from normal brain aging[56]. Such markers are essential to apply timely and 

effective interventions before cognitive deterioration becomes irreversible. In this study, we introduced 

brain similarity as a novel and sensitive marker of aging and age-related cognitive decline. Compared to 

traditional anatomical and functional connectivity measures, brain similarity changed earlier while also 

providing better predictions of age, cognition, and behaviour across two independent cohorts. This opens 
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new opportunities in cognitive aging research, offering an accessible and robust tool to identify individuals 

at risk for cognitive decline earlier than previously possible. 

Cognition is widely recognized as a distributed process that relies on interactions between brain regions. 

Numerous studies have demonstrated that efficient communication within networks such as the default 

mode network or the integrity of white matter tracts connecting Broca’s and Wernicke’s areas are essential 

for higher-order functions[17, 57]. However, aging disrupts these interregional interactions, leading to 

more fragmented and less efficient communication across the brain. This fragmentation is often reflected 

in slower information processing and cognitive decline. Notably, most of the current understanding of age-

related changes in brain connectivity and their associations with cognitive decline has been obtained from 

studies employing functional and diffusion MRI[9]. While functional and diffusion MRI have provided 

valuable insights into these changes, they are constrained by several limitations. These modalities are 

technically demanding, prone to noise, and more challenging to implement clinically  due to their longer 

acquisition times, preprocessing complexity, and ongoing methodological controversies (e.g., global signal 

regression in rs-fMRI)[4, 25-27]. In contrast, T1W MRI is routinely acquired in clinical settings and offers a 

structural overview of the brain that includes atrophy and structural abnormalities. Attempts to derive 

networks from T1W scans have often been criticized for relying on group-level analyses and for the 

ambiguous interpretation of correlations between morphological measures. Recent approaches that 

compute individual morphological networks have addressed some of these limitations by providing 

person-specific metrics and improving interpretability[28]. However, these methods often require 

computationally intensive procedures and remain statistically limited in many cases. 

To overcome these barriers, in this study we propose a simple and efficient approach to compute brain 

similarity from T1W images. This framework quantifies how much an individual brain deviates from a 

reference cohort of young adults, making it particularly suited to aging research. Aging can be viewed as 

a progressive departure from youthful brain organization, and our method captures this deviation at the 

individual level. Across two independent datasets, our study revealed that brain similarity is a better 

predictor of age than anatomical and functional connectivity, only being outperformed by the multimodal 

model. While failure to predict age from functional and anatomical connectivity models was associated 

with sociodemographic variables, cognitive evaluations and white matter hyperintensities; the brain 

similarity model showed a more robust performance where its failures were only associated with white 

mater abnormalities but still to a lower extent than anatomical or functional network models. Notably, 

brain similarity networks exhibited earlier changes across aging, starting at 32 years of age, compared to 
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anatomical (37 years of age) and functional (57 years of age) connectivity. There was also an overlap of 

age-affected regions between brain similarity networks and functional connectivity. These findings align 

with previous research showing that structural covariance patterns are related to resting-state fMRI 

connectivity[58, 59].  Furthermore, multimodal analysis revealed that edges shared across all three 

network types contributed the most to the prediction of age. Interestingly, functional and anatomical 

connectivity overlaps were characterized by intra-lobe connections, while the overlapping edges between 

brain similarity and functional connectivity tended to span inter-lobe connections. This phenomenon may 

be explained by the fact that both anatomical and functional brain connectivity decrease with the distance 

between regions [60, 61] and, as previous studies reported, there is a high overlap of anatomical and 

functional connectivity in adjacent cortical regions[61, 62]. Conversely, it has been previously shown that 

there is a higher overlap between brain similarity and functional networks [58, 59] and that inter-lobe 

connections appear to be affected in age-related brain disorders[61].  

Interestingly, our analysis also identified that brain similarity networks are a better predictor of cognition, 

suggesting that brain similarity could detect cognitive changes earlier than anatomical and functional 

connectivity. Finally, although there is ongoing debate about the biological significance of brain 

similarity[52, 63],  our results showed that cytoarchitectural characteristics are associated with brain 

similarity, aligning with previous literature[29]. However, these characteristics were not associated with 

gray matter atrophy. Thus, age-related changes in brain similarity appear to be influenced by underlying 

brain cytoarchitectural organization—patterns that are not fully captured by gray matter volume changes 

alone. Furthermore, brain similarity showed most of the age-related changes in the association cortex, 

while anatomical and functional connectivity are most affected by age in the primary sensory cortex. The 

association cortex is mainly formed by layers II and III of the cytoarchitectonic lamina of human 

neocortex[64], which are evolutionarily younger, more susceptible to age-related degeneration, and 

among the first to deteriorate during aging[65]. These layers are also involved in cognitive processes such 

as memory and attention. Therefore, age-related alterations in brain similarity may reflect early 

cytoarchitectonic changes that directly impact cognitive function, as we have shown with our results. This 

finding aligns with a previous study that showed associations between differences in laminar thickness 

and cortical hierarchy in the human brain and interregional morphological relations, indicating that brain 

similarity may represent fundamental cytoarchitectural patterns in the cortex[53]. A subsequent article 

investigated the symmetrical and asymmetrical variations in brain similarity among brain areas, revealing 

that regions with comparable cytoarchitectural characteristics typically display enhanced morphological 

similarity associations[52].  
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This study has some limitations that need to be considered. First, the analyses were performed on cross-

sectional data from two independent cohorts, which does not allow capturing the longitudinal progression 

of age at an individual level. Future studies should aim to replicate these findings using longitudinal 

datasets, providing a more detailed picture of how brain changes with age within each individual. Second, 

while the Cam-CAN cohort provides continuous data across the adult lifespan, the LEMON cohort provides 

data for non-continuous age groups. Moreover, the relatively small sample size of the LEMON cohort may 

have limited the statistical power of the replication results. Validation of these findings in larger, 

independent cohorts are needed to understand the generalizability of the results.   

Despite these limitations, our findings revealed that brain similarity consistently outperformed both 

functional and anatomical networks in predicting chronological age and cognitive scores, establishing a 

new benchmark in the field. The significant overlap of key regions between brain similarity networks and 

functional connectivity underscores the closer relationship between these modalities. We identified that 

brain similarity aligns with cytoarchitectural divisions—while changes in gray matter volume occur 

independently of these divisions—suggesting a biological interpretation for brain similarity networks. 

These findings highlight the importance of brain similarity networks in understanding the neural basis of 

cognitive aging and its alignment with underlying biological patterns. 
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Methods 
 

Cam-CAN cohort 

A total of 632 cognitively normal individuals between 18 and 88 years old were included from the Cam-

CAN dataset (https://www.cam-can.org). This study adheres to the Helsinki Declaration and has received 

approval from the local ethics committee, specifically the Cambridgeshire 2 Research Ethics Committee 

(reference: 10/H0308/50). The exclusion criteria cover MR safety contraindications (e.g., pacemakers), 

mobility problems, substance abuse (past or current treatment for drug abuse or drug use), medical 

problems (e.g., dementia diagnosis, head injury or serious psychiatric conditions), learning disabilities 

(living at home), communication difficulties (e.g., hearing problems or vision difficulties), cognitive 

impairment (Mini-Mental State Examination (MMSE) score of 24 or lower), and reduced responses from 

individuals with significant longstanding illness or disability[66]. All participants underwent cognitive and 

behavioral assessments (Table 1). 

The evaluated cognitive domains included fluid intelligence (Cattell’s Culture Fair) [67, 68], memory 

(Visual Short-Term Memory)[66], language (sentence comprehension)[66], emotional regulation 

(negative reappraisal) [69-71](only obtained for a subgroup of participants[66, 72]), motor skills (Force 

matching task)[66], and executive functions (Hotel-task)[66, 73]. To evaluate fluid intelligence, the 

Cattell’s Culture Fair test comprised four timed subtests—series completion, classification, matrices, and 

conditions—where participants resolve nonverbal puzzles under differing time constraints. The visual 

short-term memory (VSTM) task evaluated, through a continuous color report paradigm, wherein 

participants briefly observe colored discs, subsequently select the recalled color from a wheel after a brief 

interval and indicate their confidence level by the duration of their press on the chosen color. In the 

language test, participants heard a sentence fragment spoken by a female voice, followed by a word 

articulated by a male voice, and must determine if the word suitably completes the sentence. The 

sentence may exhibit syntactic or semantic ambiguity, and the study assesses reaction times and rejection 

rates according to sentence type. For the emotional task, participants watched neutral, positive, or 

negative film clips, rate their emotional responses, and are asked to reappraise the content of some 

negative clips by reinterpreting their meaning to reduce the emotional impact. Additionally, motor control 

was assessed by applying a target force to participant’s left index via a force actuator and asking them to 

match this force either directly by pressing on the actuator with their right index finger (finger condition) 

or indirectly by adjusting a linear potentiometer that controls the actuator's force level. Finally, the Hotel 

task required participants to act as a hotel manager and complete five fictional tasks—writing customer 
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bills, sorting charity money, proofreading, sorting playing cards, and alphabetizing name labels—using 

props laid out on a table. The behavioral assessment in the cohort evaluated anxiety, depression and sleep 

quality. Anxiety and depression were assessed with the hospital anxiety and depression scale (HADS), 

[74]while sleep was evaluated with the Pittsburgh Sleep Quality Index (PSQI)[75].  

 

LEMON cohort 

The LEMON (Max Planck Institut Leipzig Mind-Brain-Body) cohort 

(https://fcon_1000.projects.nitrc.org/indi/retro/MPI_LEMON.html) of 226 healthy participants [76, 77] 

was included to replicate the main findings. This cohort comprises two groups of 154 young people (20–

35 years old; 109 men, 45 women) and 72 elderly people (59–77 years old; 36 men, 36 women).  

The cognitive assessments covered the same cognitive domains as for the Cam-CAN dataset 

(Supplementary Table 1). Fluid intelligence was evaluated with the Regensburger Wortflüssigkeits-Test 

(RWT), which includes semantic and phonemic word fluency. The test battery for attention assessment 

(TAP) evaluated both working memory capacity and reaction speed. On one hand, working memory was 

assessed by asking participants to press a button as quickly as possible when the number displayed on 

screen (ranging from 1 to 9) matches the second-to-last number they saw. On the other hand, alertness 

was evaluated by asking participants to press a button as quickly as possible when a cross appears on the 

screen, with the task conducted across four rounds containing 20 stimuli each, in two conditions (with or 

without an audio signal preceding the visual stimulus) and preceded by a pretest. Language was evaluated 

with a vocabulary test where subjects have to identify one target word from a total of 42-word sets, each 

consisting of a real word paired with five distractor pseudo-words, with no time limit imposed. The 

emotion regulation questionnaire evaluated reappraisal of emotions related to affect, relationships and 

well-being in general. Moreover, executive function was evaluated with the Trail Making Test (TMT) where 

participants must quickly connect numbers in ascending order and then alternate between numbers (1-

13) and letters (A-L) while connecting them as fast as possible.  

 

Image acquisition 

For the Cam-CAN cohort, a 3T Siemens Trio scanner with a 32-channel head coil was used to obtain DWI, 

resting-state fMRI and T1W  sequences for all participants[66, 78]. The following criteria were used to 

obtain the DWI: 30 diffusion gradient directions for the two distinct values of b (1000 s/mm2 and 2000 
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s/mm2; repetition time (TR) = 9100 ms; echo time (TE) = 104 ms; voxel-size = 2 mm isotropic; field- of view 

(FOV) = 192 mm × 192 mm; 66 axial slices; number of averages = 1); and acquisition time of 10.2 minutes. 

For the resting-state fMRI scan, participants closed their eyes and sat for 8.4 minutes. A Gradient-Echo 

Echo-Planar Imaging (GE-EPI) sequence was used with the following parameters: 32 axial slices with 3.7 

mm thickness; TR=1970 ms; TE = 30 ms; flip angle = 78°; FOV = 192 mm x 192 mm; and voxel-size = 3 mm 

x 3 mm x 4.44mm. Finally, T1W structural imaging was acquired with Magnetization Prepared RApid 

Gradient Echo (MPRAGE) sequence with TR =2250 ms; TE =2.99 ms; Inversion Time (TI) =900 ms; flip angle 

=9°; FOV =256mm x 240mm x 192mm; voxel-size =1mm isotropic; GRAPPA acceleration factor =2; 

acquisition time of 4.32 minutes. More details regarding the image acquisition protocols in the Cam-CAN 

cohort can be found in[66]. 

For the LEMON cohort, DWI data was acquired using a multi-band accelerated sequence combined with 

in-plane GRAPPA (acceleration factor = 2). The acquisition protocol included 88 axial slices with an 

isotropic voxel size of 1.7 mm isotropic, 60 diffusion gradient directions at a b-value of 1000 s/mm2 and 7 

additional images with a b-value of 0s/mm2. Imaging parameters were as follows: TR = 7000 ms; TE = 80 

ms; flip angle (FA) = 90°; and FOV = 220 mm. For the resting state functional MRI, participants closed their 

eyes and sat for 15.5 min. As for Cam-CAN cohort, a GE-EPI sequence was used with the following 

parameters: 64 slices with 2.3 mm thickness; TR=1400 ms; TE = 39.4 ms; flip angle = 69°; FOV = 202 mm x 

202 mm; and voxel-size = 2.3 mm isotropic. Finally, T1W structural imaging was acquired using a MPRAGE 

sequence with TR =2250 ms; TE =2.92 ms; TI1 =700 ms; TI2=2500 ms; flip angle1 = 4°; flip angle 2 =5°; and 

GRAPPA acceleration factor = 3. To minimize tissue signal variability caused by B1 field inhomogeneity, a 

grid search was conducted over flip angles. More details regarding the acquisition protocols in the LEMON 

cohort can be found in [66, 77, 79] 

 

Image preprocessing 

Both cohorts were preprocessed with same pipelines across the different imaging modalities, as described 

below. 

DWI scans were preprocessed using the FSL toolbox (https://fsl.fmrib.ox.ac.uk/fsl/docs/#/) beginning 

with the correction of motion and eddy current artifacts with FSL eddy[80], followed by brain-extraction.  

Functional scans were preprocessed through a standard pipeline implemented in fMRIPrep (v20.2.4, 

https://fmriprep.org/). After removing the first two non-steady volumes, nuisance regression of motion 

parameters (using the 24-parameter head motion model[81]) and confounding signals from the 
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cerebrospinal fluid and white matter was performed. High-pass filtering with a cut-off sigma of 16.67s 

considering a cutoff frequency in 0.01 Hz and a TR = 3s was then applied. Finally, brain extraction was 

performed.  

The preprocessing of T1W images was performed using the SPM12 software 

(https://www.fil.ion.ucl.ac.uk/spm/software/spm12/). After reorientation, all images were segmented 

into gray matter, white matter and cerebrospinal fluid. The resulting gray and white matter tissues were 

normalised to MNI standard space using a high-dimensional warping algorithm (DARTEL) (Nasreddine et 

al., 2005). The normalised images were modulated to preserve the total amount of gray matter volume. 

In addition, the total intracranial volume (ICV) of each subject was calculated as the sum of gray matter, 

white matter and cerebrospinal fluid, to account for differences in head size in the statistical analyses.  

Finally, we used the WMH-SynthSeg tool to segment the white matter of the pre-processed T1W MRI into 

white matter hyperintensities and hypointensities[82]. 

 

Individual networks construction 

For all individual connectivity matrices (derived from dMRI, fMRI, and T1W data), self-edges were 

removed by setting the diagonal to zero. For individual matrices derived from fMRI and T1W, negative 

weights were set to zero to ensure a non-negative weighted graph representation, which improves the 

stability and interpretability of graph-theoretical measures. The matrices were then sparsified at a density 

of 30% and rescaled so that all edge weights ranged between 0 and 1. In functional connectivity matrices, 

negative correlations were set to zero due to their strong dependence on preprocessing choices. In brain 

similarity networks, negative weights were set to zero to focus on positive weights, which were 

substantially more prevalent and interpretable, and to enable the computation of global graph-theoretical 

measures that are typically defined for non-negative weighted networks. To assess the robustness of the 

results across different network densities, we additionally repeated the analyses using densities of 10% 

and 50%. However, for clarity and to simplify the presentation of results in the manuscript, we report 

findings based on the 30% density threshold.  

For the anatomical networks, we applied deterministic tractography to obtain the anatomical connectivity 

DWI matrices of each individual. Using the batch processing tool of DSI-Studio software (http://dsi-

studio.labsolver.org), we first fitted the diffusion tensor model to estimate fractional anisotropy (FA). 

Then, we ran the fibre tractography using the FA values between 246 cortical and subcortical ROIs in both 
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hemispheres defined by the Brainnetome parcellation [19]. Finally, we obtained the connectivity matrices 

representing the integrity values for each white matter tract connecting the different parcellated regions 

in the brain.  

For the functional networks, we extracted the average rs-fMRI timeseries for each brain region of the 

Brainnetome atlas and obtained the connectivity matrices by calculating the cross-correlations between 

each pair of brain regions. 

In the case of brain similarity networks, previous methods investigated the use of multiple morphological 

features that evaluate the pairwise morphological similarity of regional feature vectors constructed from 

several morphometric measures, which may offer a more thorough understanding of brain structure [31, 

35-37, 83-85]. To build brain similarity networks, we applied a recently validated method shown to 

effectively capture subject-level variations in structural covariance[38, 86].  These analyses were 

implemented using the open-source BRAPH 2.0 toolbox, which provides a standardized framework for 

constructing individual brain similarity networks [87, 88]. The implementation and codes for estimating 

individual morphological networks in BRAPH 2.0 is currently being prepared as a separate manuscript, 

where, in addition to the approach used in the present study, will include additional methods for 

constructing individual morphometric networks such as the Kullback-Leibler (KL) divergence [32, 89-93] 

and the Jensen-Shannon (JS) divergence[30, 34, 94-97], along with detailed documentation and a 

graphical user interface to facilitate straightforward implementation by other researchers. A group-level 

brain similarity network was first built for a young reference group by computing partial Pearson 

correlation coefficients (controlling for total intracranial volume) between gray matter volumes of all pairs 

of brain regions. This reference network was build using 70 participants (age < 30) from the Cam-CAN 

cohort and 72 participants (age 20-25) from the LEMON dataset, independently. Subsequently, for each 

remaining participant (Cam-CAN: 562 participants of age ≥ 30, LEMON: 129 participants of age ≠ 20-25), 

we generated a perturbed brain similarity network by incorporating participant’s data into the reference 

group. The individual brain similarity network was then derived by calculating the difference between the 

perturbed and reference network, followed by z-score normalization.  

 

Detection of early age-related network changes 

Four global network measures (clustering coefficient, path length, global efficiency, and modularity) were 

computed on the individual networks to capture the properties of network’s topology [87]. The clustering 
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coefficient counts the number of triangles present around a node. The path length is the average distance 

from a node to all other nodes while the global efficiency is the average of the inverse shortest path length 

from a node to all other nodes. Each of these three measures is calculated globally for each individual 

network as the average of measures of all nodes. Finally, modularity is the extent to which a network can 

be divided into clearly separated communities. For each of the three modalities, the four measures were 

calculated independently. These computations were performed using the open-source BRAPH 2.0 

toolbox, which provides a standardized framework where these measures are already implemented [87, 

88]. Then, to obtain a robust estimate of which modality shows earlier network alterations, the global 

network measures were modelled using cubic smoothing spline models [43-45]. The degree of smoothing 

was controlled and held constant across analyses to ensure comparability. The earliest age at which 

significant changes emerge was identified with the spline-derived first derivative where confidence 

intervals (CI) were estimated by bootstrapping 1,000 times. 

 

Age prediction with GNNs 

Graph Neural Networks (GNNs) were built in Python (v3.8.10, https://www.python.org/) with TensorFlow 

(v2.7.0-gpu [98] and Keras. GNNs are a geometric deep learning approach that exploits the information 

contained in non-Euclidean structures such as graphs. These GNN models are publicly available in a GitHub 

repository (https://github.com/bzufiriaki/GNN_Age_Prediction). The different types of networks in this 

project (anatomical, functional, brain similarity) were represented as graphs, where brain regions serve 

as nodes and the links between them as edges[99]. In this project, we employed a message-passing variant 

in which information is propagated along the edges of a graph, allowing nodes to exchange "messages"—

comprising both node and edge information—-with their neighboring nodes. These messages are 

subsequently aggregated and updated, enabling the model to capture complex relationships between 

nodes[41, 100, 101]. The updated information is then used to generate rich representations at both the 

node and graph levels, facilitating downstream tasks such as classification or prediction.  

The GNN architecture used in our analysis is composed of edge encoding and decoding neural networks. 

Both the encoder and decoder architectures are formed by multi-layer perceptron (MLP) layers of 

dimensions 16 and 8, with a maintained latent dimension of 16. Furthermore, to enhance the 

interpretability of the graph, we incorporated attention layers that updated the global embedding by 

leveraging the hidden states of the edge features (edge-attention), based on previous work on self-

attention layers in GNN[100, 102]. Attention layers improve the performance of the networks by focusing 
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on the most relevant parts of inputs of variables sizes to make the prediction[102]. The updated global 

embedding is subsequently decoded to generate age predictions. These edge-attention layers capture the 

associations between edge features and the final prediction, thereby providing insights into edge feature 

importance. Thus, our edge-attention GNN facilitates the exploration of edges based on their 

contributions to age prediction. Furthermore, a multimodal model was built based on the edge-attention 

GNN to combine three different types of networks (brain similarity, anatomical connectivity and 

functional connectivity). The architecture of the multimodal GNN is depicted in Figure 4a. Finally, a multi-

layer perceptron (MLP) model was independently used to predict the age of the individuals from gray 

matter volumes to compare the predictive power of the brain similarity networks with gray matter 

atrophy. The architecture of this deep-learning method consisted of four hidden layers with 8, 16, 16 and 

8 nodes. The output layer in both the GNN or the MLP models used a linear activation function for 

regression tasks and a sigmoid activation function for classification tasks.  

A total of 562 individual networks for each modality and gray matter volumes (age >= 30) were used to 

train the GNNs and the MLP respectively, where 80% and 10% of the networks were used for training and 

validation, and 10% for testing. The deep learning models were trained for 200 epochs with a batch size 

= 64, learning rate = 0.005, Adam optimizer to minimize a mean absolute error loss or the binary cross 

entropy for regression or classification models respectively. For the single-modality models, the input 

networks were thresholded at a density of 30% (as described in the section on Individual networks 

construction). The performance of the GNN models was also evaluated at densities of 10% and 50%, as 

shown in Supplementary Figure 5. However, because the same conclusions were obtained across 

densities, and for clarity and simplicity, we focus on and report the results using the 30% density in the 

manuscript. In contrast, the multimodal model used a three-layer input composed of networks from each 

modality, thresholded at a density of 10%. Consequently, all four independent GNNs were trained with 

networks at the specified density level. 

Significant performance differences between the single modality models and multimodal models were 

evaluated by performing 10-fold cross-validation, repeated 100 times with randomly generated training, 

validation, and test datasets for each iteration. Performances between the different types of models were 

then compared using two-sample t-tests. 
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Cognitive associations  

The association between the different individual networks on cognition was evaluated using Partial Least 

Squares (PLS) analysis[103]. In this method, the predictor and predicted variable matrix are linearly 

decomposed into latent variables (LVs) using this statistical method. The LVs are then adjusted to 

maximize the covariance between the resulting predictor and predicted matrix elements (factors and 

loadings). For every cognitive test, a different PLS model was fitted with variables such as age, sex, 

education, and network measures as predictors. The network measures used in the present analysis were 

the following: clustering coefficient, path length, global efficiency and modularity [87]. Measures were 

calculated as for the detection of early changes with ageing that is explained in the Methods-Detection 

of early age-related network changes section. Cross-validation was employed to determine the optimal 

number of latent variables in each PLS model. To identify significant predictors, we applied the Variable 

Importance in Projection (VIP) statistic, which is widely used in standard PLS analyses[51].  

 

Phenotype failure estimation 

To explore how the separate networks fail based on different phenotypes or patient characteristics, we 

used the predicted values for each test dataset in the 10-fold cross-validation and for each GNNs trained 

model. Thus, we analyzed each participant’s prediction in the whole dataset where the prediction errors 

from each participant’s prediction were correlated with the different phenotype measures. These 

correlations allow to identify possible biases in the model’s performance towards individuals with specific 

phenotypes. To address the bias effect of the prediction on the response (age in this case), given their 

strong correlation, we implemented a correction utilized in other studies[104-108]. We first modelled the 

relationship between the predicted  and ground truth ages using the linear equation 𝑌 =  𝛼𝛺 + 𝛽, where 

α and β represent the slope and intercept. Then, the estimated parameters α and β were used to adjust 

the predicted age according to the formula Corrected Predicted Age = Predicted Age + ½Ω (αΩ + β). After 

applying this correction, we examined the correlation between the corrected prediction error and various 

covariates (education and sex), cognitive evaluations (fluid intelligence, memory, sensorimotor abilities, 

language, emotion, and executive functions) and white matter hyperintensities (a measure of vascular 

status). 
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Cytoarchitecture correspondence analysis 

Previous studies have shown that differences in laminar thickness and cortical hierarchy in the human 

brain are significantly associated with interregional connectivity, indicating that brain similarity may 

represent fundamental cytoarchitectural patterns in the cortex[52, 53]. To test this hypothesis, we 

analyzed the cytoarchitecture of our dataset by mapping the Brainnetome atlas into the five fundamental 

cortical types defined by von Economo and Koskinas[64]. Furthermore, the insula and cingulate cortex 

were also included as two extra cytoarchitecture groups[29]. Thus, all Brainnetome brain regions were 

assigned to one of the seven different cortical types (Figure 3.a). To evaluate the correspondence between 

the networks derived from the three different modalities (DWI, rs-fMRI and T1W) and the 

cytoarchitecture organization of the brain we computed the global efficiency, assessing the performance 

in communication between different brain regions. We calculated the global efficiency across ages using 

the edges in the whole brain and using the edges only between same cytoarchitectonic groups (intra-

group).  

To investigate whether brain similarity reflects cytoarchitectural effects independent of gray matter 

volume, we compared the average gray matter volume for the whole brain with the average gray matter 

volume of each cytoarchitectonic group region independently. Additionally, we examined the age-related 

decrease in gray matter volume for the whole brain and for each cytoarchitectonic group. 

 

Data availability 

This study utilized data from two publicly available sources: the Cambridge Centre for Ageing and 

Neuroscience (Cam-CAN) cohort [66] and the LEMON (Leipzig Mind-Brain-Body) cohort [76, 77] from the 

Max Planck Institute (as replication cohort). The Cam-CAN dataset, which includes both imaging and 

behavioral data, can be accessed at https://camcan-archive.mrccbu.cam.ac.uk/dataaccess/. Similarly, the 

LEMON dataset is available for public download via an Amazon Web Services S3 bucket at: fcp-

indi/data/Projects/INDI/MPI-LEMON. Additional information about the cohorts can be found at 

https://www.cam-can.org/ and https://fcon_1000.projects.nitrc.org/indi/retro/MPI_LEMON.html. 
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FIGURE LEGENDS 
Figure 1. Results from the trained GNN on the different imaging modalities of the Cam-CAN cohort. a) 
The performance of anatomical (DWI, yellow), functional (rs-fMRI, red) and brain similarity (T1W, green) 
networks is shown for four different  evaluations metrics (Coefficient of Determination, R2; Pearson 
Correlation Coefficient, R; Mean Absolute Error, MAE; Mean Square Error , MSE) between the true and 
predicted age with Kernel Density Estimate plots. The brain similarity model achieved the highest 
performance, as evidenced by highest average R and R2 coefficients and lowest MAE and MSE. b) Top 20% 
regions that contributed the most to the prediction of age for the three different Graph Neural Network 
models: anatomical model from DWI, functional model from rs-fMRI and brain similarity model from T1W. 
DWI: diffusion weighted imaging, rs-fMRI: resting-state fMRI imaging and T1W: T1-weighted imaging. 

Figure 2. Association between the different types of networks with cognition and behavior in the Cam-
CAN cohort. An independent Partial Least Square (PLS) model was computed for each of the following 
cognitive and behavioral domains: a) Fluid intelligence, b) Memory, c) Motor Control, d) Language, e) 
Emotion regulation, f) Executive function, g) Anxiety, h) Depression and i) Sleep Quality. Four network 
measures (global efficiency, path length, clustering coefficient, and modularity) derived from diffusion-
weighted imaging (DWI), resting-state functional MRI (rs-fMRI), and brain similarity (T1W) networks 
together with age, sex and education were included as predictors in the model. Significant predictors, 
selected if the variable of importance (VIP) is higher than one, are colored filled while non-significant 
predictors (VIP<1) are colored filled in gray. Network measures calculated on brain similarity networks 
emerged as the most significant predictors (colored in green). Notably, the modularity (followed by global 
efficiency and path length) was a key predictor. 

Figure 3. Cytoarchitecture analysis in anatomical, functional and brain similarity networks in the Cam-
CAN cohort. a) Cytoarchitecture atlas built from the mapping of Brainnetome brain regions to the five 
fundamental cortical types defined by von Economo and Koskinas, including the insula and cingulate 
cortex. b) Global efficiency was computed across the three types of networks, both at the whole-brain 
level and within each cytoarchitectonic group (Intra-group). Intra-group global efficiency values were 
averaged across the seven cytoarchitectonic groups. c) Changes in gray matter volumes across age for both 
the whole brain and each cytoarchitectonic group. No significant differences were found on gray matter 
atrophy between the whole brain and the different cytoarchitectonic groups. d) Correlation values 
between age and number of edges in each cytoarchitectonic group. For brain similarity, the association 
cortex showed the strongest age-related effects, while the primary sensory cortex was the most affected 
by age in anatomical and functional networks.  

Figure 4. Multimodal GNN model improves the prediction of age in the Cam-CAN cohort. a) Architecture 
of the multimodal model that combined information from the three types of networks derived from DWI, 
rs-fMRI and T1W. The model processed edge values (ei,j) form the different networks using a multilayer 
perceptron (MLP), then aggregated the updated edges (e’i,j) into nodes (n’i) and updated the node features 
with another MLP. These updated edge (e’i,j) and node features (n’’i) were concatenated (e’i,j, n’’i) and 
summarized into a global embedding (cz) for age prediction via a fully connected layer and edge-level 
feature importance derived using a softmax-activated attention layer. b) Top 20% regions that contributed 
the most to the prediction of age for the multimodal model. c) Edge feature importance from the 
multimodal model (DWI/rs-fMRI/T1W) for the 100 most contributing edges. The distinct patterns of 
overlapping rs-fMRI/T1W (red) and rs-fMRI/DWI (black) connections provide further insights into the brain 
similarity-functional and anatomical-functional relationships.  
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TABLES 

Cam-CAN cohort variables N Median (Min-Max) 

Age (years) 632 55 (18-88) 

Sex (Male/Female) (313/319) - 

Education (years) 625 15 (9–39) 

Fluid Intelligence–Cattell’s Culture Fair 615 32 (11–44) 

Memory–Visual short-term memory (VSTM) 632 1.79 (0–5.76) 

Language–Sentence comprehension 632 709.34 (-666.95–2548.6) 

Emotion regulation–Negative reappraisal 267 0 (-4.1–4.2) 

Motor & Action–Force matching task 297 1.14 (-0.0926–13.291) 

Executive function–Hotel task 613 269.16 (20.19–960) 

Anxiety (HADS) 629 4 (0–20) 

Depression (HADS 629 2 (0–17) 

Sleep (PSQI) 601 4 (0–22) 

Table 1. Summary of characteristics and cognitive domain tests for Cam-CAN cohort. The sample size (N) and the median 
(minimum and maximum) values are displayed for each variable. Each participants underwent a series of tests intended to 
evaluate different cognitive and behavioral domains: fluid intelligence (Cattell’s Culture Fair), memory (Visual short-term 
memory), language (Sentence comprehension), emotion regulation (Negative reappraisal), motor and action control (Force 
matching task), executive function (Hotel task), anxiety, depression and sleep. Anxiety, depression and sleep were only present in 
the Cam-CAN cohort and evaluated with the Hospital Anxiety and Depression Scale (HADS) and the Pittsburgh Sleep Quality Index 
(PSQI). 
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Modality R2 R Mean Absolute 

Error (MAE) 

Mean Square 

Error (MSE) 

DWI 0.72 ± 0.083 0.80 ± 0.052 6.59 ± 0.803 70.12 ± 20.096 

rs-fMRI 0.61 ± 0.266 0.76 ± 0.238 7.66 ± 2.669 99.71 ± 69.749 

T1W 0.74 ± 0.079 0.87 ± 0.034 6.18 ± 0.744 64.97 ± 17.863 

DWI—rs-fMRI—T1W 0.75 ± 0.082 0.88 ± 0.04 6.14 ± 0.865 64.01 ± 20.429 

Table 2. Performance metrics across different types of models in the Cam-CAN cohort. Mean and standard deviation values of 
the following performance metrics: Coefficient of Determination (R2), Pearson Correlation Coefficient (R), Mean Absolute Error 
(MAE) and Mean Square Error (MSE) between the true and predicted ages. The metrics are calculated on test datasets for the 10-
fold cross validation over 100 random iterations for the different types of models: diffusion-weighted imaging (DWI), resting-state 
functional MRI (rs-fMRI), T1W and multimodal. Results highlighted in bold show significant (P<0.05) best performance. 

 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS


