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ABSTRACT
The shape of the brain's white matter connections is relatively unexplored in diffusion magnetic resonance imaging (dMRI) 
tractography analysis. While it is known that tract shape varies in populations and across the human lifespan, it is unknown if 
the variability in dMRI tractography-derived shape may relate to the brain's functional variability across individuals. This work 
explores the potential of leveraging tractography fiber cluster shape measures to predict subject-specific cognitive performance. 
We implement two machine learning models (1D-CNN and Least Absolute Shrinkage and Selection Operator [LASSO]) to pre-
dict individual cognitive performance scores. We study a large-scale database from the Human Connectome Project Young Adult 
study (n = 1065). We apply an atlas-based fiber cluster parcellation (953 fiber clusters) to the dMRI tractography of each individ-
ual. We compute 15 shape, microstructure, and connectivity features for each fiber cluster. Using these features as input, we train 
a total of 210 models (using fivefold cross-validation) to predict 7 different NIH Toolbox cognitive performance assessments. We 
apply an explainable AI technique, SHapley Additive exPlanations (SHAP), to assess the importance of each fiber cluster for 
prediction. Our results demonstrate that fiber cluster shape measures are predictive of individual cognitive performance. The 
studied shape measures, such as irregularity, diameter, total surface area, volume, and branch volume, are generally as effective 
for prediction as traditional microstructure and connectivity measures. The 1D-CNN model generally outperforms the LASSO 
method for prediction. Further interpretation and analysis using SHAP values from the 1D-CNN suggest that fiber clusters with 
features highly predictive of cognitive ability are widespread throughout the brain, including fiber clusters from the superficial 
association, deep association, cerebellar, striatal, and projection pathways. This study demonstrates the strong potential of shape 
descriptors to enhance the study of the brain's white matter and its relationship to cognitive function.
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1   |   Introduction

Diffusion magnetic resonance imaging (dMRI) tractography is 
an in  vivo imaging method to map white matter connections 
based on the water diffusion in brain tissue (Basser et al. 2000). 
dMRI tractography produces sequences of points called stream-
lines that estimate the course of white matter connections. 
Streamlines can be organized into anatomical fiber tracts or 
finely parcellated into fiber clusters, enabling quantitative mea-
sures of white matter microstructure, connectivity, and shape 
(Zhang, Daducci et al. 2022). These measures allow the study of 
the brain's white matter in health and disease and its relationship 
to non-imaging phenotypes, such as individual cognitive perfor-
mance (Forkel et  al.  2022). Recent studies have demonstrated 
the prediction of non-imaging phenotypes from microstructure 
and connectivity measures at the fiber tract and fiber cluster lev-
els (Chamberland et al. 2021; Chen, Zekelman et al. 2024; Xiao 
et al. 2021; Zekelman et al. 2022). These studies have employed 
regression or deep learning models to output a subject-specific 
non-imaging phenotype score. However, these studies mainly 
investigated traditional dMRI tractography measures, such as 
the number of streamlines (NoS), fractional anisotropy (FA), 
or mean diffusivity (MD). The NoS relates to the geometry of 
the connection but is usually thought of as a proxy for its con-
nectivity or connection “strength” (Zhang, Daducci et al. 2022), 
while the FA and MD microstructure measures quantify the an-
isotropy and magnitude of water diffusion and are sensitive to a 
variety of tissue properties (Beaulieu 2009; Jones, Knösche, and 
Turner 2013).

While these microstructure and connectivity features are 
highly informative, they ignore many potentially important 
morphometric or shape characteristics of the brain's con-
nections. Recently, shape measures, including length, area, 
volume, and other metrics, were applied to study the morphom-
etry of the brain's association fiber tracts (Yeh  2020). Other 
research has shown that shape measures vary across the lifes-
pan (Lebel et al. 2012; Schilling, Archer et al. 2023; Schilling, 
Chad et al. 2023). While these studies have demonstrated that 

measures of fiber tract shape have both population and lifespan 
variability, it is unknown to what extent the dMRI tractography 
shape variability may relate to the brain's functional variability 
across individuals. Our recent preliminary work has shown that 
fiber cluster shape features have the potential to predict indi-
vidual language functional performance (Lo, Chen et al. 2024). 
However, it is not yet known if dMRI tractography shape fea-
tures are predictive of different cognitive abilities, which shape 
features may be the most predictive, and how their predictive 
performance may compare to more traditional features such as 
NoS and FA. The answers to these questions may help guide fur-
ther research into the shape of the brain's connections.

To begin to address these questions, the main contribution of 
this work is to explore the potential of a comprehensive set of 
fiber cluster shape measures for the prediction of multiple do-
mains of individual cognitive performance. We propose a com-
putationally intensive data-driven strategy of training many 
(210) machine learning models to predict individual cognitive 
performance using multiple input microstructure, connectivity, 
and shape measures. By comparing the models' performance, 
we aim to achieve a broad, data-driven assessment of the poten-
tial of shape for studying the brain's white matter connections 
and their relationship to human brain functional performance.

2   |   Materials and Methods

2.1   |   Overview

Our overall strategy is as follows (Figure  1). We first per-
form a fine parcellation of the white matter into fiber clus-
ters (Section 2.2.1), which have been shown to have improved 
power to predict human traits in comparison with tradi-
tional connectome matrices (Liu, Li, and Dunson  2023). We 
then calculate shape measures (12 features described below 
in Section  2.3.2), microstructure features (FA and MD), and 
NoS features for each fiber cluster for all subjects. Next, we 
use these features as inputs to train machine learning models 

FIGURE 1    |    The overall data-driven pipeline of our work.
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(CNN and Least Absolute Shrinkage and Selection Operator 
[LASSO]) that are known to successfully predict non-imaging 
phenotypes from tractography data (Chen et  al.  2022; Cui 
and Gong  2018; Feng et  al.  2022; He et  al.  2022; Liu, Chen 
et  al.  2023; Lo, Chen et  al.  2024; Wen et  al.  2019). We train 
the models (Section 2.4) to predict individual cognitive perfor-
mance, where we use a testbed of 7 NIH Toolbox assessments 
(described below in Section 2.2.2). Finally, the predictive per-
formance of the models is compared (Section 2.5) to assess the 
utility of the input measures for predicting cognitive perfor-
mance. We implement an explainable module (Section 2.6) to 
describe the contribution of each fiber cluster measure to the 
prediction, and we provide example visualizations of the pre-
dictive white matter anatomy.

2.2   |   Study Material

2.2.1   |   Dataset, Tractography, and Fiber Clustering 
Parcellation

In this work, we study the brain connections of 1065 healthy 
young adults (YAs; 575 females and 490 males, mean age 
28.7 years) from the Human Connectome Project minimally 
preprocessed YA dataset (HCP-YA) (Van Essen et al. 2012; Van 
Essen et  al.  2013). We used pre-computed HCP-YA tractogra-
phy as employed in recent work (Chen et  al.  2023; Zekelman 
et  al.  2022). Whole brain tractography was performed with 
a multi-tensor unscented Kalman filter (UKF) tractography 
method (Reddy and Rathi 2016)1 that is highly consistent across 
the human lifespan, across test–retest scans, across disease 
states, and across different acquisitions (Zhang, Wu et al. 2018; 
Zhang et al. 2019). UKF is effective for reconstructing anatom-
ical somatotopy (He et al. 2023). The UKF method estimates a 
tissue microstructure model during fiber tracking, leveraging 
prior information from the previous tracking step to increase 
model fitting stability. UKF enables the estimation of tract-
specific microstructural measures using the first tensor, which 
models the traced tract. Each subject's whole brain tractography 
was automatically parcellated into fiber clusters using whitem-
atteranalysis (Zhang, Wu, Norton et al. 2018). This atlas-based 
machine learning method is consistent across the human lifes-
pan, across test–retest scans, across disease states including 
brain tumors, and across different acquisitions (Zhang, Wu, 
Norton et al. 2018)2 with high test–retest reproducibility (Zhang 
et al. 2019). Fiber clusters are known to provide a compact vector 
representation of the connectome with improved power to pre-
dict human traits (Liu, Li, and Dunson 2023; Zhang, Savadjiev 
et al.  2018), enabling a variety of downstream analyses (Chen 
et al. 2023; Gabusi et al. 2024; Xue et al. 2024; Zhang, Wu, Ning 
et  al.  2018). The whitematteranalysis method parcellates ro-
bustly by using a spectral embedding of streamlines, a machine-
learning technique that takes into account the variability across 
subjects (O'Donnell and Westin  2007). Fiber clusters were de-
fined in the whitematteranalysis package using the O'Donnell 
Research Group (ORG) fiber cluster atlas (Zhang, Wu, Norton 
et al. 2018). The ORG atlas was anatomically curated to orga-
nize fiber clusters into anatomically labeled fiber tracts and to 
enable the automatic removal of anatomically inaccurate (false 
positive) fiber clusters. For each subject in the current study, 
the whitematteranalysis processing provides 953 fiber clusters, T
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anatomically categorized into 58 deep white matter anatomical 
tracts, including association, cerebellar, commissural, and pro-
jection tracts, and 16 superficial tract categories based on loca-
tion within different brain lobes.

2.2.2   |   NIH Toolbox Cognitive Performance 
Assessments

In this work, we investigate the potential of shape measures for 
predicting non-imaging phenotypes. As a testbed for prediction, 
we choose seven non-imaging cognitive phenotypes that span 
the domains of language, executive function and attention, work-
ing and episodic memory, and processing speed (Table 1). These 
phenotypes are from the NIH Toolbox, a standard battery for 
neurobehavioral measurement (Hodes et al. 2013). Specifically, 
we use the NIH Toolbox age-adjusted cognitive performance as-
sessments provided by HCP-YA (Weintraub et al. 2013). These 
assessments (Table 1) are the NIH Toolbox Picture Vocabulary 
Test, the NIH Toolbox Oral Reading Recognition Test, the NIH 
Toolbox Flanker Inhibitory Control and Attention Test, the 
NIH Toolbox Dimensional Change Card Sort Test, the NIH 
Toolbox List Sorting Working Memory Test, the NIH Toolbox 
Picture Sequence Memory Test, and the NIH Toolbox Pattern 
Comparison Processing Speed Test.

2.3   |   Fiber Cluster Measures

2.3.1   |   Microstructure and Connectivity Measures

We study 3 widely used FA, MD, and NoS measures, which are 
calculated for each of the 953 fiber clusters from all subjects. These 
popular measures are informative in the study of the relationship 
between the brain's fiber tracts and cognition (Chen, Zekelman 
et al. 2024; Forkel et al. 2022; Zekelman et al. 2022). FA measures 
how much a tensor deviates from a sphere, quantifying the anisot-
ropy of water molecule diffusion. MD reflects the total amount of 
water diffusion within the tissue, providing an average measure 
of the diffusion in all directions. NoS can be considered a geom-
etry or shape measure but is popularly considered a “connectiv-
ity” measure and is indirectly related to structural connectivity 
“strength” (Qi et al. 2015; Zhang, Daducci et al. 2022).

2.3.2   |   Shape Measures

We study 12 fiber cluster shape measures that are considered 
to provide a detailed and comprehensive shape analysis of trac-
tography (Yeh 2020). These measures include length, span, vol-
ume, diameter, curl, elongation, trunk volume, branch volume, 
total surface area, total area of end regions, total radius of end 
regions, and irregularity (Figure 2). These shape measures are 
computed for all 953 fiber clusters from all subjects by applying 
the software package DSIStudio (Yeh 2020)3.

Full definitions of the shape measures can be seen in 
(Yeh  2020), and we include a brief description of each mea-
sure here. Length is the average streamline length of the fiber 
cluster in mm. Span is the distance between the two ends of 
the fiber cluster in mm. Volume is defined as the volume of 

voxels occupied by the fiber cluster in mm3, where DSIStudio 
creates a synthetic volume of isotropic voxels for use in com-
putations. Diameter is estimated from the length and volume 
shape measures, under the assumption that the fiber cluster 
takes the form of a cylinder; the diameter is considered to 
represent the average fiber cluster diameter in mm. Curl is 
defined as the length divided by the span to approximate the 
overall curve (note this is also known as the u-ratio in other 
literature, e.g., Nie et  al.  2024). Elongation is defined as the 
fiber cluster length divided by the diameter. The trunk volume 
is the volume of the streamlines connecting the fiber cluster's 
two largest end regions. The branch volume is the remaining 
volume (the difference between the total and trunk volume). 
The surface area is estimated by counting the outermost or 
surface voxels occupied by the fiber cluster, then multiplying 
by the area of one side of a voxel in mm2. The total area of end 
regions is computed as above using the surface voxels of the 
cluster endpoints, which are also used in estimating the total 
radius of end regions using a circular model. Finally, irregu-
larity is computed by dividing the fiber cluster surface area 
by the surface area of a cylinder with the same diameter and 
length; thus, irregularity quantifies how different the shape is 
from an idealized cylinder.

2.4   |   Machine Learning Prediction

To assess whether the fiber cluster shape measures help pre-
dict individual cognitive performance, we employ two machine 
learning prediction methods: one deep learning method and one 
traditional method.

First, we implement a deep learning method using a 1D 
CNN model. This approach has previously successfully pre-
dicted non-imaging phenotypes from tractography data 
(He et al. 2022; Liu, Chen et al. 2023; Lo, Chen et al. 2024). 
Specifically, the input of each model is one of the 15 shape, 
microstructure, or connectivity measures measured from all 
953 fiber clusters. The model output is a predicted cognitive 
performance score (one of the seven described above). In tech-
nical details, the model's architecture is designed as follows. 

FIGURE 2    |    Four examples of individual white matter connections 
(fiber clusters) extracted from the entire white matter of the human 
brain using a fiber clustering approach. Example shape descriptors are 
shown for the red fiber cluster.
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The model consists of a feature extractor and a classifier. The 
model is trained using mean squared error loss by comparing 
its output with the ground truth. The feature extractor con-
tains three convolutional blocks, each comprising a 1D convo-
lutional layer (kernel size = 5, kernel number = 64, stride = 1), 
a batch normalization layer with a momentum of 0.5, an ReLU 
activation layer, and a dropout layer for regularization. The 
classifier comprises two fully connected layers; the first layer 
reduces the input dimension from 512 to 128, followed by 
batch normalization with a momentum of 0.5, an ReLU acti-
vation layer, and dropout. The final layer maps the output to 
the predicted score of the cognitive performance. This deep 
multilayered architectural design aims to effectively learn 
from the input measure to improve the overall prediction of 
the cognitive performance score.

For comparison, we implement LASSO regression (Feng 
et al. 2022; Tibshirani 2018), a conventional machine learning 
method that leverages variable selection and regularization. 
LASSO regression has been used successfully to predict cogni-
tive performance from brain connectome and fiber tract data 
(Chen et  al.  2022; Cui and Gong  2018; Feng et  al.  2022; Wen 
et al. 2019).

Overall, in this project, a model is trained to predict each cogni-
tive assessment from each input feature. This results in a total 
of 210 machine learning models were trained, including the 105 
(15 input features × 7 cognitive assessments) 1D-CNN models 
and the 105 (15 × 7) LASSO models. This approach ensures that 
each model focuses on a specific input-prediction pair, reducing 
the complexity of training. This experimental design enables the 
comparison of prediction performance across all input features. 
Fivefold cross-validation was used for training each model (see 
Section 2.7 for more details).

2.5   |   Statistical Analysis

We conduct a statistical analysis of the prediction performance 
results. The correlation coefficient (Pearson's r) is not normally 
distributed. Therefore, we transform the results from all five 
folds to z-scores using the widely applied Fisher's r-to-z trans-
formation (Chen, Zekelman et al. 2024; Keller et al. 2011; Shen 
et  al.  2015; Tobyne et  al.  2018). To compare the performance 
of different models, we employ a one-way repeated measures 
analysis of variance (ANOVA) of the z-transformed correlation 
coefficients, followed by post hoc pairwise comparisons using 
paired t-tests between each of the different models.

2.6   |   Interpretation With Explainable AI

To provide potential insight into how the shape, microstruc-
ture, and connectivity features inform the prediction of indi-
vidual cognitive performance, we implement a widely used 
explainable AI approach, SHapley Additive exPlanations 
(SHAP). SHAP assigns each feature an importance value for 
a particular prediction (Lundberg and Lee  2017). The com-
putation of SHAP values is based on a coalition game theory 
approach, providing a clear and interpretable explanation to 
improve the trustworthiness of the interpreted model. The 

SHAP approach has been widely applied for the interpreta-
tion of brain features that affect the prediction of individual 
intelligence, memory, language (Azevedo et  al.  2019), and 
brain age (Ballester et al. 2023; Scheda and Diciotti 2022; Sun 
et  al.  2022). In this study, the objective of leveraging SHAP 
interpretation is to understand the model's insights into the 
brain's white matter connections and how their microstruc-
ture, connectivity, and shape features may relate to cognitive 
performance.

To interpret the contribution of each of the 953 fiber clusters, we 
evaluate which fiber clusters most impact the prediction results. 
To compute this, for each of the seven NIH toolbox assessment 
prediction models, we calculate each cluster's mean SHAP value 
across the five folds. Then, we rank the clusters for each model 
according to SHAP value. Finally, to assess the overall impact 
on prediction results across models, we average across the seven 
different rankings to get a mean ranking for each cluster. We 
sort clusters according to mean rankings in ascending order to 
evaluate the most impactful fiber clusters for the overall predic-
tion of cognitive assessment scores.

2.7   |   Implementation Details

We optimize our 1D-CNN model with the Stochastic Gradient 
Descent (SGD) algorithm (Zou and Hastie 2005). The SGD op-
timizer is instantiated with a learning rate of 0.01 and trained 
on 200 epochs with batch sizes of 8, and the number of work-
ers is set to 10. All experiments in this work were performed 
on an NVIDIA RTX A5000 GPU using PyTorch 1.8.1 (Paszke 
et  al.  2019) across a fivefold cross-validation to ensure repro-
ducibility and consistency in model training and evaluation. We 
use the sklearn python package (Pedregosa et al. 2011) for the 
LASSO regression model with alpha set to 1.

All 105 1D-CNN model training experiments were run with the 
same fine-tuned hyperparameters. All 105 1D-CNN and 105 
LASSO model training experiments were run with the same 
data split of 80% training data and 20% testing data across the 
five folds.

3   |   Results

3.1   |   Evaluation Metric

We employ the Pearson correlation coefficient (Pearson's r) 
(Sedgwick 2012) to evaluate model performance. This metric is 
widely applied in neurocognitive performance prediction (Chen 
et al. 2020; Feng et al. 2022; Gong, Beckmann, and Smith 2021; 
Jeong et al. 2021; Kim et al. 2021; Rasero et al. 2021; Tian and 
Zalesky 2021; Wu et al. 2023; Xue et al. 2024). Pearson's r mea-
sures the strength and direction (positive or negative) of the lin-
ear association between two variables.

3.2   |   Prediction Performance Results

Table 2 gives the model performance (r) for the 105 (15 × 7) 1D-
CNN models trained using the 15 input features (microstructure, 
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connectivity, and shape) to predict the 7 output NIH toolbox as-
sessment scores. The top-performing model in each column is 
shown in bold and represents the highest r for predicting a par-
ticular NIH toolbox assessment score. Other models with statis-
tically equivalent performance to the top-performing model are 
shown in italics.

Overall, the results shown in Table 2 suggest that many shape 
features are as predictive as the widely used microstructure and 
connectivity features. Many features exhibit statistically equiv-
alently high performance (in bold and italics), as shown in each 
column of Table 2. On average (rightmost column of Table 2), 
the highest-performing features include microstructure (FA and 
MD), connectivity (NoS), and the top-performing shape mea-
sures of irregularity, diameter, total surface area, branch vol-
ume, volume, surface area of end regions, and elongation. These 
features are similarly predictive overall on average across the 
seven prediction tasks. In fact, the overall highest-performing 
measure is a shape measure, Irregularity (though its perfor-
mance is not significantly different from the other highest-
performing measures). While the highest-performing shape 
measures have similar performance to the microstructure and 
connectivity features, it can be noted that several shape mea-
sures do have lower performance on average in this experiment 
(radius of end regions, curl, span, length, and trunk volume). In 
this experiment, the least informative feature is trunk volume.

For a complementary assessment of the utility of each feature to 
predict subject-specific cognitive performance, Table 3 summa-
rizes the prediction performance (r) across the LASSO and CNN 
models. Note that for the 1D-CNN model, these values are the 
same as the values in the rightmost column of Table 2. Also, more 
details on the LASSO results are provided in Supplementary 
Table S1. Overall, the 1D-CNN method generally outperforms 
the LASSO method. However, the LASSO method has better 
worst-case performance and provides improved prediction per-
formance for the lower-performing shape measures (curl, span, 
length, trunk volume), suggesting their potential utility. The 
statistical analysis (repeated measures ANOVA) of the LASSO 
results finds no significant performance difference across the 
models trained with the 15 features (p = 0.37), suggesting that 
all investigated microstructure, connectivity, and shape features 
have utility for the study of the brain.

3.3   |   Explainable Interpretation

In this section, we provide potentially informative visualizations 
of the brain fiber clusters whose input features are most predic-
tive of individual cognition. We focus on the interpretation of 
the best-performing models (r > 0.18 on average across all NIH 
Toolbox assessments). This includes the highest-performing 1D-
CNN models (Table 3). We provide visualizations of the top 10 
clusters for predicting individual cognitive performance using 
each input feature, along with the indices and anatomical labels 
of the clusters (Figure 3).

The top 10 clusters for different input features can be observed 
to belong to multiple different anatomical brain fiber tracts, in-
cluding different types of tracts (superficial, association, cerebel-
lar, striatal, and projection). However, commissural clusters (e.g., 

corpus callosum) are not identified in the top 10 most predictive 
clusters for any input feature in this experiment. In Figure 3, it 
can be observed that, for example, the top 10 most predictive fiber 
clusters for FA are all association fiber clusters, including nine su-
perficial white matter fiber clusters (one is bilateral, superficial 
frontal cluster 604) and one left uncinate fiber cluster. As another 
example, the top 10 predictive fiber clusters for total surface area 
include 4 superficial white matter fiber clusters, 3 association 
clusters in the middle longitudinal fasciculus (bilateral cluster 
691) and left cingulum, 2 intracerebellar parallel tract clusters 
(bilateral cluster 513), and a left striato-frontal projection cluster. 
The predictive clusters for the top-performing input feature, ir-
regularity, span multiple fiber tract categories including 2 deep 
association fiber clusters (left cingulum), 4 superficial association 
fiber clusters, 2 cerebellar clusters (bilateral parallel tract cluster 
516), 1 striatal cluster (left external capsule), and 1 projection clus-
ter (left corona radiata frontal). Overall, this result suggests that 
fiber clusters with features predictive of cognitive ability are wide-
spread throughout the brain and that different features capture 
different informative aspects of the white matter anatomy.

TABLE 3    |    Pearson correlation coefficients (r) of the LASSO and 
1D-CNN models. Values are the mean and standard deviation across 
the seven models trained to predict the seven NIH Toolbox cognitive 
assessments. The best result for each column is bolded. In each column, 
results that are not significantly different from the best result are in 
italics.

LASSO 
regression AVG CNN AVG

Microstructure

FA 0.157 ± 0.05 0.183 ± 0.1

MD 0.159 ± 0.04 0.174 ± 0.07

Connectivity

NoS 0.18 ± 0.03 0.199 ± 0.09

Shape

Irregularity 0.174 ± 0.03 0.2 ± 0.08

Diameter 0.148 ± 0.07 0.196 ± 0.09

Total surface area 0.171 ± 0.03 0.191 ± 0.09

Branch volume 0.152 ± 0.07 0.189 ± 0.09

Volume 0.174 ± 0.03 0.188 ± 0.09

Surface area of end 
regions

0.155 ± 0.05 0.181 ± 0.11

Elongation 0.175 ± 0.03 0.166 ± 0.07

Radius of end 
regions

0.149 ± 0.03 0.164 ± 0.06

Curl 0.153 ± 0.04 0.145 ± 0.05

Span 0.148 ± 0.04 0.141 ± 0.08

Length 0.145 ± 0.04 0.125 ± 0.06

Trunk volume 0.159 ± 0.03 0.095 ± 0.02

Average 0.163 ± 0.01 0.169 ± 0.03
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4   |   Discussion

This work has explored the potential of leveraging fiber clus-
ter shape measures to predict subject-specific cognitive perfor-
mance. We employed a data-driven strategy leveraging a large 
set of shape characteristics and assessments of individual cog-
nitive performance. We applied two machine learning methods, 
1D-CNN and LASSO regression. While both machine learning 
methods demonstrated that the proposed shape measures per-
formed well in predicting individual cognitive performance, the 
1D-CNN was more predictive on average. We introduced the 
widely used explainable approach, SHAP, to identify highly pre-
dictive fiber clusters. Our experimental results on a large-scale 
dataset of 1065 subjects demonstrated the effectiveness of shape 
measurements for individual cognitive performance prediction 
and identified white matter fiber clusters that highly contributed 
to the overall performance. Below, we discuss some detailed ob-
servations about our results in comparison with related studies 
in the literature.

Other groups have studied tractography shape measures over 
the past 20 years. Local shape measures, such as curvature and 
torsion, were proposed early in the field of tractography to de-
scribe local properties at points along individual streamlines 
(Batchelor et  al.  2006; Corouge, Gouttard, and Gerig  2004). 
More recently, shape measures describing global properties of 
entire fiber tracts, such as the shape measures studied in this 
article, have received increasing interest. Multiple research 
groups have applied the DSIStudio shape computation soft-
ware (Yeh 2020) to demonstrate that the shape of white matter 
fiber tracts varies in health and disease and across the lifes-
pan (Linn et al. 2024; Schilling et al. 2022; Schilling, Archer 

et al. 2023; Schilling, Chad et al. 2023; Yang et al. 2024; Yin 
et al. 2023).

Several recent studies have assessed potential relationships be-
tween white matter fiber tract shape and various measures of 
brain function, with a mix of positive and negative findings. 
These studies have generally focused on particular anatomical 
fiber tracts and their relationship with the brain functions the 
tracts are expected to subserve (for a review of fiber tracts and 
functions, see Forkel et  al.  2022). For example, the shape (ra-
dius and irregularity of end regions) of the corticospinal tract 
was significantly associated with the risk of postoperative motor 
complications in low-grade glioma patients (Yang et al. 2024). In 
another example, the shape (volume and diameter) of the forceps 
minor of the corpus callosum was not associated with cognitive 
reappraisal, a mechanism for emotion regulation, in a healthy 
subjects dataset (Porcu et al. 2024). In a recent preprint, a study 
of the HCP-YA found that functional language lateralization 
was not significantly associated with shape metrics (including 
length, span, curl, elongation, diameter, volume, and surface 
area) of 11 language-related white matter tracts (Andrulyte 
et al. 2024). However, this study did not investigate assessments 
of language performance. Another recent study of the HCP-YA 
found a weak correlation of language performance assessments 
with a shape measure, the inferior end region coverage area of 
the frontal aslant tract (Linn et al. 2024). Overall, it can be noted 
that the above-related work provides only weak evidence that 
fiber tract shape features may relate to cognitive performance 
in healthy individuals. However, an initial conference publica-
tion by our group demonstrated the strong potential of shape 
features for machine-learning-based prediction of language 
performance (Lo, Chen et al. 2024). In contrast to these related 

FIGURE 3    |    Visualization of the top 10 most predictive fiber clusters for predicting individual cognitive performance using different input fea-
tures. Fiber clusters are located within white matter fiber tracts, as listed to the right of the images (with fiber cluster atlas ID numbers provided in 
parentheses). Visualizations are performed using the fiber cluster atlas (Zhang, Wu, Norton et al. 2018).
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investigations, which studied a limited number of fiber tracts 
and cognitive assessments, the current study aimed to compre-
hensively evaluate multiple shape features, cognitive measures, 
and brain connections in the form of fiber clusters within fiber 
tracts. We sought to assess whether shape features predict cogni-
tive abilities, which features are most predictive, and how their 
performance compares to traditional metrics like NoS and FA.

The results of the current study, which demonstrate that the inves-
tigated shape measures are predictive of cognitive performance, 
suggest that these shape measures are informative for studying 
the brain's white matter connections and their relationships to 
non-imaging phenotypes such as cognition. Furthermore, the 
results suggest that the study of shape features may be equally 
as informative as the study of traditional microstructure or con-
nectivity features. Tables 1 and 2 provide clear evidence that the 
shape measures generally have similar predictive performance to 
traditional measures. While almost all shape measures perform 
reasonably well on average (r > 0.1), there is one clear exception 
where the Trunk Volume measure does not provide good perfor-
mance when input to the 1D-CNN. The Trunk Volume was pre-
viously described as having low reliability in the test–retest sense 
(Yeh 2020). However, we note that the Trunk Volume measure 
performed well when using the LASSO models. Thus, our results 
suggest that all shape measures are informative not only about 
brain structure but also about the relationship between brain 
structure and brain function.

The application of explainable AI suggests that fiber clusters 
with features highly predictive of cognitive ability are wide-
spread throughout the brain, including superficial associa-
tion, deep association, cerebellar, striatal, and projection fiber 
clusters. The results further suggest that different features are 
able to capture different informative aspects of the white mat-
ter fiber cluster anatomy. As expected, some highly predictive 
fiber clusters (Figure 3) can be observed within fiber tracts ex-
pected to relate to aspects of cognition. For example, NoS and 
volume features of fiber clusters within the left arcuate fascicu-
lus, classically critical for language function, are highly predic-
tive of cognition. Similarly predictive are the total surface area 
and irregularity features of fiber clusters within the left cingu-
lum bundle, a tract believed to be involved in multiple aspects 
of cognition (Forkel et al. 2022). Many features extracted from 
the fiber clusters within the superficial white matter, which pro-
vides cognitively critical cortico-cortical communication, are 
predictive of cognition (Wang et al. 2022). In Figure 3, it can also 
be observed that some clusters (e.g., superficial frontal cluster 
607 and intracerebellar parallel tract cluster 571) are found to be 
highly predictive across several different features. This observa-
tion suggests that (as we already know) the shape features are 
not mathematically independent of each other. It also suggests 
that such consistently informative clusters may have the poten-
tial for future investigation in a more hypothesis-driven fashion.

The widespread nature of the predictive fiber clusters is in line 
with the understanding of cognition as arising from the inter-
action of multiple interconnected brain regions (Bressler and 
Menon 2010; Mesulam 1990; Uddin, Yeo, and Spreng 2019) and 
with a recent review demonstrating that fiber tracts are generally 
correlated with multiple cognitive domains (Forkel et al. 2022). 
While the biological mechanisms linking white matter shape 

and cognitive performance are not fully understood, genetic and 
environmental factors influencing brain development may play 
a role (Luo et al. 2022). Differences in white matter shape could 
also be linked to structural changes in adjacent gray matter re-
gions, including increased gyrification of neocortical regions, 
a factor associated with cognitive ability [Gregory et  al.  2016; 
Lamballais et  al.  2020; but see Mathias et  al.  2020]. Overall, 
variability in shape features is likely to reflect numerous bio-
logical, environmental, genetic, and developmental factors that 
work in conjunction to influence the shape of an individual's 
brain and cognitive function.

We implemented the machine learning used in this article using 
two popular methods previously shown to be successful for the 
prediction of non-imaging phenotypes. Our methodological 
choices enabled us to perform the current computationally inten-
sive, data-driven study. However, there are several limitations. 
The 1D-CNN may overlook potential synergies between shape, 
microstructure, and connectivity features. In future work, algo-
rithms such as multi-view learning (Sun 2013; Wei et al. 2023; 
Xu, Tao, and Xu 2013) or ensembling learning (Gupta et al. 2017; 
Polikar  2012; Sagi and Rokach  2018; Zhang, Xue et  al.  2022) 
could extract information from hidden correlations between 
features that remain unexplored when trained independently. 
Additionally, 1D-CNNs have proven effective in capturing 
local patterns in data but are inherently limited when modeling 
global features, especially in the context of high-dimensional 
data. Future work could benefit from exploring more sophisti-
cated deep models, such as conditional diffusion-based models 
(Lo, Chen, Zhang et al. 2024; Yao et al.  2023) or transformer-
based models (Chen, Zhang et al. 2024; Lo, Chen, Liu et al. 2024; 
Zhang, Xue et  al.  2022). We implemented the explainable AI 
used in this article using a popular method, SHAP, that is widely 
applied across different machine learning approaches. In our 
study, we did not rely solely on the empirical SHAP values, as 
the values are not always informative in isolation. Instead, we 
ranked the SHAP values and averaged them to focus on predic-
tive performance for overall cognition. Other approaches for or-
ganizing SHAP values, such as clustering (Clement et al. 2024; 
Durvasula et al. 2022), may provide additional insight. Future 
work could also investigate other explainable AI techniques, 
such as activation-based methods (Zhou et al. 2016), attention 
mechanisms (Devlin et  al.  2018; Dong et  al.  2021), gradient-
based approaches (Selvaraju et al. 2017), or alternative perturba-
tion methods (Ribeiro, Singh, and Guestrin 2016).

As one of the first studies to explore shape as a predictor of in-
dividual cognitive performance, this work has several key limita-
tions and potential areas for future improvement. We investigated 
a large healthy YA dataset. Future work may investigate the effec-
tiveness of shape measures in other datasets, such as those from 
different acquisitions or across the lifespan in health and disease. 
Future validation in such independent datasets (Casey et al. 2018; 
Cetin-Karayumak et al. 2024; Ge et al. 2023; Marek et al. 2011) can 
enable the assessment of the robustness and generalizability of 
the predictive models. Such large datasets can also enable inves-
tigation of the impact of potentially confounding factors such as 
education and socioeconomic status, which may influence perfor-
mance on cognitive assessments and measures of the white mat-
ter. Furthermore, we relied on a single tractography method and a 
single atlas-based definition of major fiber tracts (Zhang, Savadjiev 
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et  al.  2018; Zhang, Wu, Ning et  al.  2018; Zhang, Wu, Norton 
et al. 2018). An in-depth comparison of tractography methods and 
white matter tract definitions (He et al. 2023; Schilling et al. 2021) 
remains an interesting future work to obtain a more robust un-
derstanding of the effectiveness of shape measures in different 
methodological scenarios. We also relied on a single method for 
interpretation, SHAP. In future work, combining or comparing 
additional model-agnostic interpretation approaches may offer 
alternative insights (Apley and Zhu  2020; Ribeiro, Singh, and 
Guestrin 2016; Ribeiro, Singh, and Guestrin 2018). In addition, it 
remains to be investigated if shape may predict other non-imaging 
phenotypes beyond NIH Toolbox assessments of cognition. Future 
work could explore other structure–function relationships, using 
additional non-imaging phenotypes and potentially more sophis-
ticated machine learning and explainable AI approaches.

5   |   Conclusion

In this work, we investigated fiber cluster shape features, a 
novel approach for cognitive performance prediction. Using ex-
plainable deep learning, we demonstrated that the shape of the 
brain's connections is predictive of individual cognitive perfor-
mance. We showed that shape can achieve better or equivalent 
prediction performance on cognitive prediction in comparison 
to conventional measurements of microstructure and connec-
tivity. Our results suggest that all shape measures under study 
are relevant for the study of the brain's white matter connections 
and their relationships to non-imaging phenotypes such as cog-
nition. Overall, this study demonstrates the potential of utilizing 
geometric shape descriptors of tractography fiber clusters to en-
hance the study of the brain's white matter and its relationship to 
various cognitive functions.
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