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ABSTRACT

We tackle the prediction of age and mini-mental state examination (MMSE) score based on structural8

brain connectivity derived from diffusion magnetic resonance images. We propose a machine-learning9

model inspired by graph convolutional networks (GCNs), which takes a brain connectivity input graph10

and processes the data separately through a parallel GCN mechanism with multiple branches, thereby11

disentangling the input node and graph features. The novelty of our work lies in the model architecture,12

especially the connectivity attention module, which learns an embedding representation of brain graphs13

while providing graph-level attention. We show experiments on publicly available datasets of14

PREVENT-AD and OASIS3. Through our experiments, we validate our model by comparing it to15

existing methods and via ablations. This quantifies the degree to which the connectome varies depending16

on the task, which is important for improving our understanding of health and disease across the17

population. The proposed model generally demonstrates higher performance especially for age18

prediction compared to the existing machine-learning algorithms we tested, including classical methods19

and (graph and non-graph) deep learning. We provide a detailed analysis of each component.20
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INTRODUCTION

Structural connections between the brain regions constitute complex brain networks, known as the21

connectome (Hofman, 2015). Structural connectome can be quantified via diffusion-weighted MRI22

(dMRI), thereby revealing the physical connections between the brain regions, which are essential for23

understanding the brain’s overall organization (Sporns, 2011). Analyzing the connectome provides24

insight into neural circuitry, connectivity patterns, and their implications for cognition and behavior,25

contributing to our understanding of brain development, aging, and the impact of neurological conditions26

on brain wiring (Hagmann et al., 2008; F. Zhang et al., 2022).27

Structural connectome graphs have been used to study a wide range of neurological and psychiatric28

disorders, including Alzheimer’s disease (AD) (Aganj, Mora, Frau-Pascual, Fischl, & Initiative, 2023;29

Amoroso et al., 2017; Frau-Pascual et al., 2021; He, Chen, & Evans, 2008; J. Wang et al., 2018),30

schizophrenia (Karlsgodt, Sun, & Cannon, 2010; Shi et al., 2012; Y.-m. Wang et al., 2020), autism31

spectrum disorders (ASD) (Tolan & Isik, 2018), and Parkinson’s disease (Arrigo et al., 2019; Jellinger,32

2022; X. Zhang et al., 2018; Y. Zhang, Zhan, Cai, Thompson, & Huang, 2019), as well as to understand33

cognitive decline (Xu et al., 2021) and normal brain development and aging (Coelho et al., 2021;34

Damoiseaux, 2017; Dennis et al., 2013; Lewis, O’Reilly, Bock, Theilmann, & Townsend, 2022; Neudorf,35

Shen, & McIntosh, 2024). Recently, (Prescott et al., 2022) also showed that structural connectivity is a36

crucial factor in identifying early-onset AD risk, as individuals with a genetic predisposition show lower37

connectivity, especially in the frontoparietal control network, and this reduced connectivity is linked to38

the estimated time until dementia symptoms emerge. Studying brain aging through the structural39

connectome is crucial as it provides insight into how brain connectivity and network organization change40

over time, which can be related to cognitive decline, neurodegenerative diseases, and overall brain health41

(Meunier, Achard, Morcom, & Bullmore, 2009).42

The connectome is a relatively new avenue for studying the brain, which is not yet included in clinical43

practice but holds promise for discovery. Given the complexity and the vast amount of data involved,44

deep learning (DL) techniques are likely to be effective in analyzing the connectome. Structural brain45

connectivity analysis is a data-driven approach that explores the overall structural connections in the46

brain. It involves studying patterns of anatomical connectivity via fiber tracking (tractography)47

throughout the brain (Zalesky, Cocchi, Fornito, Murray, & Bullmore, 2012). Structural brain connectivity48
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analysis using artificial intelligence (AI) is an emerging field that remains notably new in the research49

landscape (Dubost, 2020; Sjöblom, Westerlund, Neimantaite, & Andersson, 2020). The exploration of AI50

applications in deciphering dMRI data to study brain connectivity is an evolving domain that needs51

further investigation (Faiyaz, Doyley, Schifitto, & Uddin, 2023). In this paper, we attempt to analyze52

dMRI-derived connectivity using DL for age and dementia prediction.53

The task of predicting clinical and demographic data using the structural connectome involves analyzing54

high-dimensional and complex data and can be challenging for conventional DL methods. Graph neural55

networks (GNNs), particularly the graph convolutional network (GCN) architecture (S. Zhang, Tong, Xu,56

& Maciejewski, 2019), provide a powerful and flexible framework for analyzing brain connectivity data.57

GCNs can learn from the complex interrelationships between nodes and edges, capturing both local and58

global patterns in the graph structure. This makes GCNs well suited for the prediction task and for59

identifying the most predictive regions and connections of the brain. Furthermore, GCNs can be trained60

on large datasets, thus increasing their generalizability and applicability to different populations and61

contexts.62

GCNs can leverage the rich structural information in the connectome to make accurate predictions. They63

do so by performing iterative message-passing between neighboring nodes in the graph, using learnable64

functions to aggregate and transform information from neighboring nodes, and updating the features of65

each node based on the aggregated information. This allows GCNs to capture the complex relationships66

between brain regions and their connections, and make predictions based on this information. A67

GCN-based model is promising for analyzing structural connectome and has shown great potential for68

improving our understanding of neurological and psychiatric disorders, as well as normal brain69

development and aging.70

Several state-of-the-art methods have shown the application of GCNs in brain networks analysis. Most71

recent ones involve functional brain network analysis (X. Li et al., 2021), psychiatric disorder diagnosis72

(Zheng, Yu, Chen, Dang, & Chen, 2024), optimization of GNN architectures for schizophrenia spectrum73

disorder prediction (S. Wang et al., 2024), classification of ASD versus hyper complex brain networks74

(Hu, Cao, Li, Dong, & Li, 2021), and sex classification (Ktena et al., 2018). Many papers have shown75

work using structural networks for causal inference (Wein et al., 2021), brain age estimation (Moon et al.,76

2024), early diagnosis of AD (Y. Zhang, He, Chan, Teng, & Rajapakse, 2023), and schizophrenia77
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diagnosis (Sebenius, Campbell, Morgan, Bullmore, & Liò, 2021), achieving high performance compared78

to existing machine-learning (ML) and DL methods. GCNs have also been combined with recurrent79

neural networks to predict sex on temporal fMRI brain graphs (Kazi et al., 2022). Spectral GCN has been80

employed for region-of-interest (ROI) identification in functional connectivity graphs and for sex81

classification (Arslan, Ktena, Glocker, & Rueckert, 2018).82

Methodologically, most GCN methods use the Laplacian-filter based spectral implementation (Kipf &83

Welling, 2016) and graph attention networks (GATs) (Veličković et al., 2017) incorporate attention84

mechanisms for edge weighting. Dynamic Graph CNNs (DGCNNs) (Phan, Le Nguyen, Nguyen, & Bui,85

2018) are used for temporal graph analysis of multi-level graph structures, and hierarchical learning and86

spatiotemporal GNNs are used for integration of spatial and temporal data. GCNs cannot generalize to87

new graphs due to dependency on the fixed graph Laplacian (Q. Li, Han, & Wu, 2018; ?). Further, GATs88

are inefficient in capturing long-range dependencies due to over-smoothing (Dasoulas, Scaman, &89

Virmaux, 2021). Both GCN and GAT have high computational costs for large (Liu, Park, & Yoo, 2020)90

and dense (Wu et al., 2020) graphs, respectively. DGCNNs are computationally inefficient and unstable91

due to repeated graph construction at each layer, leading to high memory usage and potential noise92

amplification.93

In this paper, we propose a computationally efficient novel network architecture that uses 1) residual94

connections inspired by ResGCN (Pei, Huang, Van Ipenburg, & Pechenizkiy, 2022), 2) linear layers, and95

3) a newly proposed connectivity attention module (CAM). The proposed model captures feature96

embeddings at both the subject and node levels, effectively spanning from granular details to high-level97

information. We show through experiments on two public databases that the proposed model outperforms98

non-graph and graph-based DL methods and, in many cases, conventional ML methods. The rest of the99

paper includes a description of the proposed method, experiments, discussion, and conclusion.100

METHOD

Let us say a dataset has S number of subjects. Any subject comes with a brain graph G ∈ RN×N , with N

the number of brain regions (graph nodes) and a feature matrix X ∈ RN×M , with M the number of

features per node, and a label y ∈ R (i.e., value of the clinical or demographic variable to be predicted).
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Figure 1. End-to-end pipeline of the proposed model (left) and Connectivity Attention Module (right).101

Given G and X, the task is to predict y, for which we define a model fθ as:

y = fθ(G,X), (1)

where θ is the set of learnable parameters. The model we propose comprises four sub-parts, modules 1 to102

4, as shown in Figure 1. Each module is designed to process the combination of X and G to produce103

latent embedding. The last part combines all former outputs to produce the predicted label ŷ. We explain104

all four modules separately and explain the whole end-to-end model.105

Module 1: Graph Convolution106

This module comprises two branches, each with a graph convolution with a different embedding size, and107

a skip connection as shown in Figure 1. We employ a combination of ResGCN layers (Bresson &108

Laurent, 2017), which captures low-level features of the graph. Each ResGCN (with a different109

embedding size) transforms the same input data into a different space, enabling the model to learn diverse110

representations of the graph data. One layer focuses on capturing low-dimensional, essential features,111

while the other learns higher-dimensional, more nuanced relationships. The skip connection is then112
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combined with these learned representations, allowing the model to leverage both the basic, essential113

features and the more intricate relationships within the graph, potentially leading to a richer and more114

informative representation. The outputs of these layers are fed to a fully connected (FC) layer to produce115

the output of the module, X6.116

Module 2: Linear Layer117

In this layer, we remove any structure that is present in the feature vector sequence X and try to simply118

fetch information from the raw data. The linear layer can be mathematically defined as:119

X3 = ρ (MLP (vec(X))), where vec(X) ∈ RNM×1 is the flattened matrix X, MLP is multi-layer120

perceptron, and ρ is the non-linearity (ReLU). A linear layer processing node features in parallel with121

GCN layers offers several potential benefits. It allows the model to learn an independent representation of122

the node features, capturing information that might not be directly reflected in the graph structure. This is123

particularly advantageous when the node features themselves hold significant information for the task at124

hand. In our case, we have dMRI-derived measures such as structural connectivity of the node ROI to the125

rest of the ROIs and mean fractional anisotropy (FA) and mean apparent diffusion coefficient (ADC) in126

the node ROI, as well as volume of the node ROI and the degree of each node. In predicting age and AD,127

diffusion MRI analysis can benefit from a combination of node features. FA and ADC, reflecting white128

matter organization and water diffusion, respectively, capture microstructural changes due to age and AD,129

whereas mean segmentation volume captures brain region size that is potentially reduced in age-related130

atrophy or AD. Finally, node degree (total connectivity to a brain region) reveals alterations in brain131

network connectivity patterns.132

Module 3: Connectivity Attention Module133

Attention mechanisms in DL enhance model performance by dynamically focusing on the most relevant134

features in input data, improving interpretability and efficiency in tasks like natural language processing135

and computer vision (Bahdanau, 2014; Vaswani, 2017). Attention mechanisms have significantly136

advanced medical image analysis, particularly in brain imaging applications, by enabling models to focus137

on critical regions, thereby enhancing diagnostic accuracy and interpretability (Jiao et al., 2023;138

Ranjbarzadeh et al., 2021; Y. Zhang, Teng, et al., 2023).139
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We propose a customized connectivity attention module (CAM) Cϕ so the model learns an embedding

representation of a brain graph, as well as to provide a graph-level attention mechanism. The CAM,

depicted in Figure 1 (right), is defined as

X4,X5, m̂ = Cϕ(X,G,m), (2)

where X4 is a scalar embedding of each subject’s brain connectivity, which is also treated as a factor of

importance of each subject with respect to the population. X5 is the lower dimensional representation

that is sculpted out of the corresponding G and X from the model. m̂, the external trainable parameter, is

the attention mask assigned to the nodes, i.e. ROIs in the brain. The CAM Cϕ = {Cp, Ce}. All are

defined as:

Cϕ =


Cp : X4 = σ [⟨G,E⟩F ]

Ce : X5 = ρ[f4(σ[f3(Gm̂m̂TX)])]

m̂ : m̂ ∈ R1×N

(3)

X4 is the Frobenius inner product of the G matrix by a weight matrix E learned by the model, followed140

by sigmoid non-linearity, σ. For X5, we effectively project G onto a single one-dimensional orientation141

in the N -dimensional space, from which we create a rank-one matrix G′ := Gm̂m̂T , with the projection142

weights m̂ learned by the model. f3 and f4 are the fully connected layers FC3 and FC4 as shown in143

Figure 1, both followed by non-linearities.144

Here, instead of applying attention to each element of G, we leverage the matrix properties of G by145

focusing on eigenvalues. Our goal is to retain a single representative rank-one matrix G′ that best helps146

the prediction task at hand. This operation simplifies the representation of the matrix while preserving its147

most significant features.148

Module 4: Skip Connection149

We add an overall skip connection (Module 4 in Figure 1) to help mitigate the vanishing gradient150

problem and allow effective information propagation across layers by directly connecting vec(X) to the151

final layer. This helps to preserve modality-specific features, preventing over smoothing.152

Data Fusion153
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Table 1. Description of dataset size (number of available scans), distribution across the classes, and partitioning. Due to missing demographic data, nine

subjects were removed from the OASIS3 dataset. The female ratio is the portion of scans from female subjects.

160

161

Name Subjects Total samples Samples-10% 10% Female ratio

PREVENT–AD 347 789 710 79 72%

OASIS3 771 1294 1164 121 56%

The outputs of all four modules are concatenated and fed to a FC layer to produce the final prediction ŷ.154

Mathematically, ŷ = MLP ([X3, X4, X5, X6, vec(X)]).155

Loss Function and Optimization156

For the regression task, we use the Huber loss, Lδ(y − ŷ), which is a piecewise function that is quadratic157

for small errors and linear for large errors, defined as:158

Lδ(e) =


1
2
e2 if |e| ≤ δ,

δ · (|e| − 1
2
δ) otherwise,

159

where δ is a threshold that distinguishes between quadratic and linear loss behavior. This function applies162

a quadratic loss when the absolute error is less than or equal to δ and a linear loss when the error exceeds163

this threshold, effectively combining the differentiability of the quadratic loss at small errors with the164

robustness of the linear loss to outliers. We also regularize m by adding a second term165

LR =
∑N

i |mi| −
∑N

i |mi| log |mi|. The overall loss for the model is therefore L = Lδ + αLR, where166

α > 0 is a scaling factor.167

Datasets168

Pre-symptomatic Evaluation of Experimental or Novel Treatments for Alzheimer’s Disease169

(PREVENT-AD) (Leoutsakos, Gross, Jones, Albert, & Breitner, 2016) is a publicly available dataset that170

aims to provide a comprehensive set of data on individuals who are at risk for developing AD171

(https://prevent-alzheimer.net). The database contains neuroimaging studies such as MRI172

(including dMRI) and PET scans, a range of demographic, clinical, cognitive, and genetic data, as well as173

data on lifestyle factors such as diet and exercise. The dataset comprises 347 subjects, some with174

multiple (longitudinal) dMRI scans, totaling 789 dMRI scans.175
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Open Access Series of Imaging Studies, whose third release (OASIS3) we used here (LaMontagne et al.,176

2019), is a longitudinal neuroimaging, clinical, and cognitive dataset for normal aging and AD, provided177

freely to researchers (http://www.oasis-brains.org). The OASIS3 dataset contains MRI scans178

(including dMRI), cognitive assessments, demographic information, and clinical diagnoses for subjects,179

including healthy controls, individuals with MCI, and AD patients. We used 1294 brain scans from 771180

subjects.181

Pre-processing182

We used FreeSurfer (Fischl, 2012) to process the databases (additionally applying the longitudinal183

processing pipeline (Reuter, Schmansky, Rosas, & Fischl, 2012) for PREVENT-AD). We then ran the184

FreeSurfer diffusion processing pipeline and propagated the 85 automatically segmented cortical and185

subcortical regions from the structural to the diffusion space. These 85 regions act as the nodes in our186

graph setup. Next, we used our public toolbox187

(http://www.nitrc.org/projects/csaodf-hough) to reconstruct the diffusion orientation188

distribution function in constant solid angle (Aganj et al., 2010), run Hough-transform global189

probabilistic tractography (Aganj et al., 2011) to generate 10,000 fibers per subject, compute symmetric190

structural connectivity matrices, and augment the matrices with indirect connections (Aganj et al., 2014).191

More details on the pipeline can be found in our previous publication (Aganj et al., 2023). Once we had192

all the graphs Gi, we performed a population-level normalization on edge weights. For node features, we193

used the volume, ADC, FA, and the degree of each node in the affinity matrix obtained for each ROI, as194

well as the row in Gi representing connectivity to the rest of the brain. Therefore, for each subject we195

obtained Gi ∈ R85×85 and corresponding Xi ∈ R85×89 (i.e., N = 85 and M = 89).196

Implementation details. All the experiments were run via 10-fold cross validation with the same folds197

across methods and experiments. For model robustness, we added zero-mean Gaussian noise with a198

standard deviation of 0.0001 to the training samples. All the experiments were run on a Linux machine199

with 512 GB of RAM, an Intel (R) Xeon (R) Gold 6256 CPU @ 3.60 GHz, and an NVIDIA RTX A6000200

(48 GB) graphics processing unit. The total number of parameters used in the proposed model was 5073,201

which was comparable to GCNConv (2453), DGCNN (4653), Graphconv (4653), ResGatedGraphConv202

(RGGC) (9128), and GINConv (2683). In our experiments, the values of d1, d2, d3, and d4 were 25, 20, 5,203
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and 2, respectively. We kept 10% of the data aside from each dataset so as not to heuristically fit the204

model to the entire data, and then tested the model at the end on the unseen data, the results of which are205

reported in the next section.206

RESULTS AND DISCUSSION

Baselines and Comparative Methods207

Table 2 presents a comparative evaluation of various conventional ML and advanced DL models for the208

age prediction task across the two datasets of PREVENT-AD (789 subjects) and OASIS3 (1294 subjects),209

as well as for MMSE prediction in the OASIS3 dataset. Performance was assessed using metrics such as210

the root mean square error (RMSE) and mean absolute error (MAE) of the prediction, as well as211

Pearson’s correlation (PC) and Spearman’s correlation (SC) coefficients between the predicted and212

ground-truth values. For each of the three tasks, we also computed baseline values for our performance213

metrics as RMSE and MAE of a naive model that always predicts, respectively, the mean and median of214

the training-set values (PC and SC are zero for such a fixed-value predictor). The conventional ML215

models that we tested include linear regression, support vector regression (SVR), decision tree,216

regression tree, ensemble tree, and neural networks (all implemented in using sklearn package (Komer,217

Bergstra, & Eliasmith, 2019)). We further compared our method with DL approaches such as MLP, and218

especially more advanced GNN models such as GCN, GIN, GraphConv, and ResGCN. For both datasets,219

the proposed method outperformed all other models in age prediction in 7 out of 8 metrics, achieving the220

lowest prediction error (except it finished second in MAE for PREVENT-AD) while also demonstrating221

the highest correlation scores, indicating superior predictive accuracy. For MMSE prediction (in222

OASIS3), the proposed method still outperformed the other DL methods, but not the conventional ML223

methods of ensemble tree and (mostly) SVR. Note that the narrow range of MMSE in the OASIS3224

dataset (as reflected in the Baseline row) resulted in performance metric values that were very close to225

each other among models. Classical ML approaches of linear regression (not shown in the table),226

decision tree, and regression tree generally exhibited poorer performance, indicating limited effectiveness227

for the prediction task.228

We additionally performed these experiments on data from the second phase of the Alzheimer’s Disease229

Neuroimaging Initiative, with a dataset size of 200 samples. While the proposed method still230
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outperformed the rest of the methods, its prediction error was not substantially below the baseline,231

presumably due to the small dataset size (PC/SC were still 0.50/0.55 and 0.34/0.36 for age and MMSE,232

respectively).233

Ablation Tests234

Table 3 presents an ablation study on the prediction tasks on both datasets, where different components235

were removed from the model architecture to assess their individual contributions. The same evaluation236

metrics as in the previous subsection were used.237

For PREVENT-AD, when removing specific components such as the linear block, CAM block, skip238

connection, or GCN block, performance degrades across all datasets, confirming the effectiveness of the239

model’s complete architecture. Omitting the linear component leads to an increase in RMSE and a drop240

in correlation scores. Similarly, removing the GCN block results in performance loss. The trend remains241

generally consistent in OASIS3 (age); however, the original model without the linear component242

maintains the best scores, whereas other ablations cause notable declines in performance, indicating243

weaker predictive capability.244

For OASIS3 (MMSE), the original model without the skip connection outperforms the other ablated245

versions in terms of correlations, though the performance drop is less pronounced. Removing any246

component results in only a marginal increase in RMSE and a decrease in correlation metrics, possibly247

due to the narrow range of MMSE values in OASIS3.248

The ablation results generally emphasize that each architectural component plays a crucial role in249

maintaining predictive accuracy, with graph-based learning contributing significantly to overall model250

performance. The GCN block, in particular, appears essential for capturing complex dependencies, as its251

removal leads to the most significant decline across all datasets.252

CONCLUSION

In this paper, we proposed a simple yet effective model capable of capturing complementary information255

from structural brain connectivity graphs, which we evaluated in the context of age and MMSE256

prediction. The configuration of input data, the initialization of neighborhood information as node257
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Table 2. Comparative methods for age and MMSE prediction tasks253

PREVENT-AD (age) OASIS3 (age) OASIS3 (MMSE)

(789 subjects) (1294 subjects) (1294 subjects)

Method RMSE MAE PC SC RMSE MAE PC SC RMSE MAE PC SC

Baseline 6.17 5.65 0 0 9.46 7.21 0 0 3.02 1.71 0 0

SVR 6.25 5.19 0.41 0.42 7.56 5.55 0.67 0.67 3.00 1.63 0.35 0.35

Decision Tree 7.50 6.15 0.20 0.17 10.86 8.37 0.29 0.28 3.40 1.92 0.20 0.19

Regression Tree 7.11 5.94 0.22 0.27 10.21 7.90 0.32 0.29 3.33 1.86 0.19 0.20

Ensemble Tree 5.54 4.69 0.37 0.39 7.35 5.57 0.64 0.62 2.76 1.64 0.41 0.31

Neural Network 5.39 4.60 0.40 0.43 7.47 5.91 0.67 0.67 3.48 2.56 0.25 0.22

MLP 5.80 4.81 0.43 0.52 10.12 7.14 0.26 0.35 3.31 2.02 0.17 0.15

GCN 5.34 4.46 0.56 0.57 6.72 5.41 0.66 0.68 3.08 1.79 0.16 0.23

GIN 5.37 4.46 0.47 0.48 9.51 6.36 0.45 0.60 2.96 2.11 0.27 0.24

GraphConv 5.49 4.45 0.48 0.51 8.92 7.02 0.25 0.24 3.48 2.02 0.15 0.25

ResGCN 5.28 4.39 0.52 0.55 8.50 5.50 0.54 0.68 3.07 1.94 0.22 0.23

Proposed 5.27 4.42 0.62 0.66 6.04 4.70 0.75 0.77 2.89 1.76 0.34 0.27

Bold and underlined indicate the best and second-best, respectively, in each column.

features, and multiple operations from all four modules helped to learn better representations of each258

subject’s graph. We have shown that our model often outperforms competing techniques on two publicly259

available datasets, while also ablating all the components of the model. Future work includes the addition260

of interpretability to the models to find the brain subnetworks that are informative for the prediction task.261

Further steps would be trying different graph convolution mechanisms, such as gated attention graph262

convolutions.263
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Table 3. Ablations on the prediction tasks. Each column represents the respective block removed from the pipeline.254

Model-level CAM layer

Metric Proposed Mod 1 Mod 2 Mod 3 Mod 4 Mod i Mod ii Mod iii Mod iv

GCN

block

Linear CAM skip Linear Gm̂m̂T G in

Gm̂m̂T

sigmoid MLPs

PREVENT-AD (age)

RMSE 5.27 5.76 5.30 5.65 5.62 6.47 6.38 6.47 6.02 6.44

MAE 4.42 4.68 4.50 4.7 4.68 5.14 5.09 5.16 4.87 5.14

PC 0.62 0.55 0.54 0.54 0.52 0.50 0.51 0.50 0.53 0.50

SC 0.66 0.57 0.58 0.57 0.56 0.51 0.51 0.51 0.58 0.51

OASIS3 (age)

RMSE 6.04 6.04 5.78 6.44 6.72 7.04 7.01 7.02 7.01 6.90

MAE 4.70 4.63 4.47 5.29 5.10 5.21 5.06 5.09 5.20 5.08

PC 0.75 0.73 0.76 0.71 0.68 0.64 0.64 0.64 0.65 0.65

SC 0.77 0.75 0.77 0.70 0.70 0.67 0.67 0.68 0.67 0.68

OASIS3 (MMSE)

RMSE 2.89 2.85 2.82 2.84 2.94 2.84 2.87 2.85 2.80 2.79

MAE 1.76 0.83 1.75 1.91 1.65 1.73 1.68 1.70 1.77 1.79

PC 0.34 0.35 0.35 0.36 0.39 0.34 0.35 0.34 0.38 0.38

SC 0.27 0.27 0.25 0.27 0.33 0.28 0.27 0.25 0.31 0.26

Bold and underlined indicate the best and second-best, respectively, in each row. Mod stands for module.
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