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Introduction: Recent studies showed that the myelin of the brain changes in the life span, and demyelination contributes to the loss of brain plasticity during normal aging. Diffusion-weighted magnetic resonance imaging (dMRI) allows studying brain connectivity in vivo by mapping axons in white matter with tractography algorithms. However, dMRI does not provide insight into myelin; thus, combining tractography with myelin-sensitive maps is necessary to investigate myelin-weighted brain connectivity. Tractometry is designated for this purpose, but it suffers from some serious limitations. Our study assessed the effectiveness of the recently proposed Myelin Streamlines Decomposition (MySD) method in estimating myelin-weighted connectomes and its capacity to detect changes in myelin network architecture during the process of normal aging. This approach opens up new possibilities compared to traditional Tractometry.

Methods: In a group of 85 healthy controls aged between 18 and 68 years, we estimated myelin-weighted connectomes using Tractometry and MySD, and compared their modulation with age by means of three well-known global network metrics.

Results: Following the literature, our results show that myelin development continues until brain maturation (40 years old), after which degeneration begins. In particular, mean connectivity strength and efficiency show an increasing trend up to 40 years, after which the process reverses. Both Tractometry and MySD are sensitive to these changes, but MySD turned out to be more accurate.

Conclusion: After regressing the known predictors, MySD results in lower residual error, indicating that MySD provides more accurate estimates of myelin-weighted connectivity than Tractometry.
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Introduction

The study of brain connectivity is pivotal to unraveling brain properties in healthy individuals as well as to facilitating early diagnosis of neurodegenerative diseases (Sporns, 2016). Diffusion-weighted magnetic resonance imaging (dMRI) has emerged as a powerful tool for the characterization of brain structural connectivity; dMRI is sensitive to the microscopic motion of water molecules within tissues and, exploiting this information, it allows inferring in vivo the macroscopic trajectories of major white-matter fiber bundles in the brain, called streamlines, using tractography algorithms (Basser et al., 2000; Jeurissen et al., 2019). The map of anatomical connections estimated with tractography can be conveniently summarized as a graph, called connectome (Sporns et al., 2005), in which nodes represent gray matter nuclei and edges correspond to the axonal fibers connecting them. The number of streamlines between anatomical regions has been extensively adopted as a proxy for the strength of connections in the connectome (Bullmore and Bassett, 2011; Jones et al., 2013; Shi and Toga, 2017; Sotiropoulos and Zalesky, 2019); however, recent studies have questioned the quantitative nature of this measure (Jones, 2010; Yeh et al., 2020; Smith et al., 2022; Zhang et al., 2022) and several alternatives have been proposed to address this limitation.

Tractometry is a very popular and widely used technique which attempts to infer microstructure properties of the underlying neuronal tissues by evaluating a given quantitative microstructural map in the voxels along streamline trajectories (Bells et al., 2011). This strategy has been applied also to myelin-sensitive maps, e.g., myelin water fraction (MWF), magnetization transfer ratio (MTR), myelin volume fraction (MVF), and longitudinal relaxation rate (R1), with the aim of estimating the myelin content of different bundles and thus providing a more complete characterization of brain connectivity (von Keyserlingk and Schramm, 1984; Bartzokis et al., 2010; Mohammadi et al., 2015; Cercignani et al., 2017; Mancini et al., 2018; Melie-Garcia et al., 2018; Boshkovski et al., 2021, 2022). However, despite their widespread use, Tractometry-based methods present serious drawbacks when multiple fiber bundles traverse the same voxels, since all of them would be associated with the very same scalar values estimated in those voxels. Extensions have been proposed to provide more detailed microstructure estimates along distinct directions inside each voxel, such as quantitative anisotropy (Yeh et al., 2010) and fixel-based analyses (Raffelt et al., 2017), but these approaches still cannot decouple different microstructural properties of distinct fiber bundles sharing the same direction inside a given voxel, e.g., corpus callosum. Hence, Tractometry-based methods do not offer truly bundle-specific estimates of the microstructural properties of distinct bundles (Schiavi et al., 2022), and this limitation is evident in the construction of the connectome.

Microstructure informed tractography (Daducci et al., 2016), was proposed as a possible solution to overcome these limitations and provide more veridical and biologically informative estimates of brain connectivity. The basic idea is to estimate microstructural features of white-matter fibers by fitting the whole set of streamlines reconstructed with tractography, called tractogram, to the measured MRI data and modulating their individual contributions such that they accurately explain the measurements. Different algorithms have been developed (Smith et al., 2013; Daducci et al., 2014; Pestilli et al., 2014; Smith et al., 2015; Schiavi et al., 2020; Ocampo-Pineda et al., 2021) but, despite differences between them, they are all based on dMRI; hence, they cannot provide any insight into the actual myelination of different bundles (Beaulieu, 2002; Tax et al., 2021). Recently, the Convex Optimization Modeling for Microstructure Informed Tractography (COMMIT) (Daducci et al., 2014) was extended to enable its use with myelin-sensitive maps and provide researchers with an effective means to study the myelination of individual bundles. However, this novel Myelin Streamline Decomposition (MySD) technique (Schiavi et al., 2022) has been tested only with few and selected anatomical bundles, and no evaluation was performed to assess its effectiveness in describing myelin-weighted global connectivity.

The study of myelination in the brain is essential due to its profound impact on neural function. Myelin acts as an insulator, significantly increasing the speed and efficiency of electrical signal transmission within the nervous system, facilitating information processing and precise neuron communication (Morell and Quarles, 1999; Sampaio-Baptista and Johansen-Berg, 2017). Myelination is crucial during early development and continues to influence learning, memory, and cognitive function throughout life (von Keyserlingk and Schramm, 1984; Bartzokis et al., 2010; Billiet et al., 2015; Cercignani et al., 2017; Faizy et al., 2020; Meissner et al., 2021; Lebel et al., 2022). Understanding myelination mechanisms and regulation provides insights into neurological conditions, including demyelinating diseases (Tozer et al., 2003; Horsfield, 2005; Cunniffe and Coles, 2019; Kamagata et al., 2019; Granziera et al., 2020; Hara et al., 2020; Boshkovski et al., 2022). Therefore, studying myelination is crucial for comprehending neural communication and its implications for human health.

The literature on the study of myelin network architecture across the lifespan is limited, and the existing methods have primarily relied on Tractometry to assess connections with myelin-sensitive maps (Lebel et al., 2012; Callaghan et al., 2014; Yeatman et al., 2014; Meissner et al., 2021). In this article, we leveraged the ability of MySD to provide bundle-specific estimates of myelination with the aim to accurately characterize changes in the myelin network architecture over the lifespan. In fact, existing studies on connectivity alterations during normal brain aging were mainly focused on dMRI and limited attention has been given to possible myelin-specific changes (Nomura et al., 1994; Sullivan et al., 2001; Salat et al., 2005; Westlye et al., 2010; Kochunov et al., 2011, 2012; Lebel et al., 2012, 2022; Yeatman et al., 2014; Ota et al., 2017; Slater et al., 2019; Buchanan et al., 2020). We evaluated the effectiveness of MySD by comparing its estimates to a classical Tractometry-based approach; we also performed our analysis on dMRI-based microstructural maps as a reference to corroborate previous findings and provide additional insights. With this study, we aim to test a viable alternative to Tractometry that overcomes its inherent limitations. Our approach combines global tractography with myelin-sensitive maps in a more robust and accurate manner, effectively addressing the shortcomings of both counting the number of streamlines and traditional Tractometry methods.



Methods


Subjects and MRI protocol

We performed the analysis on 85 healthy controls: 46 females (median age (IQR) [range] 32.12, (27.55; 43.77), [21.62–62.00]) and 39 males (median age (IQR) [range] 34.00, (27.39, 49.97, 18.15–69.00)). All subjects underwent MRI on a 3 T system (Prisma; Siemens Healthcare, Erlangen, Germany) with a 64-channel head and neck coil.

The acquisition protocol included: 3D FLAIR (repetition time [TR]/echo time [TE]/inversion time [TI] = 5000/386/1800 ms, 1 mm isotropic spatial resolution); 3D MP2RAGE (TR/TI1/TI2 = 5000/700/2500 ms, 1 mm isotropic spatial resolution); and multi-shell dMRI with b-values 700/1000/2000/3000 s/mm2 and 6/20/45/66 diffusion directions per shell, respectively, as well as 12 measurements at b-value 0 s/mm2 with both anterior-to-posterior and reversed phase encoding (TR/TE/pulse duration [δ]/time between pulses [Δ] = 4500/75/19/36 ms, 1.8 mm isotropic spatial resolution). Three variants of a 3D FLASH (RF spoiled GRE) sequence were used with 1.33 mm isotropic resolution, matrix size 192 × 186 × 120, PPF = 6/8; SPF = 6/8, GRAPPA_R = 2 in each phase encoding direction: T1-weighted (TR/TE = 11/4.92 ms, alpha = 15°), Proton Density weighted (TR/TE = 25/4.92 ms, alpha = 5°), MT-weighted [TR/TE = 25/4.92 ms, alpha = 5°, Gaussian MT pulse Delta_f = 2.2KHz as in Helms et al. (2008)]. B1 maps to correct for effects of radio frequency transmit inhomogeneities on the quantitative maps were acquired employing the steady state free precession based B1-TRAP approach (Ganter et al., 2013).



Anatomical images processing

We used MRtrix3 with FreeSurfer algorithm (Tournier et al., 2019) to segment the MP2RAGE images into five separate masks corresponding to the main tissue types in the brain (white matter, cortical gray matter, subcortical gray matter, cerebrospinal fluid, pathological tissue), which was used to guide tractography with anatomical information; using these masks, we also calculated the gray matter-white matter interface. In addition, to define the connectome nodes, we further segmented the cortical and subcortical tissues with FreeSurfer 6.0 (Fischl, 2012) into 85 regions of interest [42 per hemisphere + brainstem (Iglesias et al., 2015)], as defined in the Desikan–Killiany atlas (Desikan et al., 2006; Iglesias et al., 2015). Finally, we used the boundary-based linear registration tool implemented in FSL (Jenkinson et al., 2002) to register all previous masks to the diffusion space.



Myelin images processing

Myelin volume fraction (MVF) maps were estimated as [image: image], where MTsat is defined as the portion of free water saturated during a single MT pulse, and the calibration constant α was estimated based on the procedure described in Mohammadi et al. (2015). The splenium of the corpus callosum from 26 healthy subjects (mean age 27.9 ± 1.3 years) was used as region of interest and the value α = 0.2161 was obtained as the median normalization factor required to constrain the splenium g-ratio to 0.7 across subjects, as previously reported using the electron microscopy technique (von Keyserlingk and Schramm, 1984).



Diffusion images processing

dMRI data was pre-processed to reduce artifacts from noise (Veraart et al., 2016a,b), eddy currents (Andersson and Sotiropoulos, 2016), motion and EPI distortions (Andersson et al., 2003; Smith et al., 2004) using MRtrix3 (Tournier et al., 2019) and FSL (Woolrich et al., 2009; Jenkinson et al., 2012). Images were also corrected for B1 field inhomogeneity using the N4 algorithm implemented in ANTs (Tustison et al., 2010). The Spherical Mean Technique (Devan et al., 2020) was applied to data with b-value ≤ 2,000 s/mm2 to estimate the intra-neurite volume fraction (INVF) map.

To reconstruct the whole brain tractograms, we followed the procedure described in Bosticardo et al. (2021). Briefly, we generated 3 million streamlines using the iFOD2 algorithm with anatomical priors (Smith et al., 2012) on the fiber orientation distributions estimated with multi-shell multi-tissue constrained spherical deconvolution (Jeurissen et al., 2014), seeding from the gray matter-white matter interface and propagating the streamlines with the backtrack option using a cut-off value of 0.05 and a maximum angle of 30°. To reduce the incidence of false positives (Campbell and Pike, 2014; Zalesky et al., 2016; Maier-Hein et al., 2017; Buchanan et al., 2020), we set the power parameter of iFOD2 to 3, as in Bosticardo et al. (2021), and we filtered the tractograms with COMMIT2 (Schiavi et al., 2020) to remove spurious connections or those that are incompatible with the measured data.



Connectome estimation

We constructed the connectomes using the 85 regions of interest from the gray matter parcellation as nodes and the 3 million streamlines estimated with tractography as edges. To determine the edge weights, we applied Tractometry (Bells et al., 2011) and COMMIT (Daducci et al., 2014) to both diffusion (i.e., INVF) and myelin (i.e., MVF) scalar maps. It’s worth noting that the adaptation of COMMIT to handle MVF data is known as MySD. For calculating the edge weights with Tractometry, we employed MRtrix3 (Tournier et al., 2019) to sample the INVF and MVF maps along the streamlines. Subsequently, we computed the median of the values along the streamlines’ trajectories and calculated the mean of the weights for streamlines belonging to the same bundle, following the approach proposed by Boshkovski et al. (2021). In the case of COMMIT, we first fitted the streamlines to the INVF and MVF maps with the aim to estimate an individual weight for each streamline which corresponds to its overall contribution to the corresponding microstructural map. Then, the connectivity strength of each bundle was estimated aggregating the weights of those streamlines belonging to it, as described in Schiavi et al. (2020).

Figure 1 visually summarizes the main steps just described.

[image: Figure 1]

FIGURE 1
 Pipeline for the construction of myelin-weighted brain graphs. We combined the myelin-sensitive MVF map with streamlines reconstructed from the diffusion image using two methods. Tractometry, which samples each streamline at n points to which it assigns the voxel-wise value of the underlying microstructural map and computes the average, and MySD, which solves a linear system for each voxel of the microstructural map by assigning a contribution to each streamline relative to the scalar value measured in the map. We used the same procedures to reconstruct the diffusion-weighted brain graph using INVF scalar map. MTsat, Magnetization Transfer saturation; DWI, Diffusion Weighted Image; MVF, Myelin Volume Fraction; INVF, intra-neurite volume fraction.




Network metrics

We used the Brain Connectivity Toolbox1 to extract from each weighted connectome three network metrics that are widely used in the literature (Rubinov and Sporns, 2010; Fornito et al., 2016): mean strength, which corresponds to the strength of the connection between gray matter regions on average; global efficiency, which is the average of inverse shortest path length; modularity, which expresses how easily the brain connection segregates into different clusters.

Global network metrics offer a comprehensive perspective on the relationships between brain regions, surpassing what can be inferred from myelination within a white matter mask without the use of a connectome. Additionally, these network metrics highlight the delicate balance between information integration (connections between different regions) and information segregation (localized processing), which cannot be captured by white matter myelination at the voxel-wise level (Fornito et al., 2016).



Statistical analysis

To evaluate the sensitivity of the two methods concerning myelin-weighted network changes during brain aging, we used a robust regression model, available in R2 (Koller and Stahel, 2011). We know from the literature that the ratio of gray matter to white matter changes throughout life (Gunning-Dixon et al., 2009; Giorgio et al., 2010; Lebel et al., 2012, 2022); since we wanted to study white-matter microstructural changes due to age, we considered the white-matter volume as independent variable in our model. Considering that gender is significantly related to brain volume, we checked the collinearity of the model using collinearity diagnostic in R (Belsley et al., 2005). Then, we tested associations between age, age2, and network metrics with gender and white-matter volume as independent variables. To further compare the validity of the two methods (COMMIT and Tractometry), we tested the same model in predicting the age effect using internal k-fold cross-validation (Berrar, 2018). Specifically, we randomly split the dataset into k = 5 sub-groups. We estimated the statistical model on k-1 sub-groups (80% of the subjects). We tested this model on the remaining 20% of the subjects to estimate the mean square errors (MSE). The MSE indicates the mean quadratic discrepancy between the observed and the estimated data. We repeated the steps described above five times. Then, we averaged the MSEs as follows to get the cross-validation error:

[image: image]

where n is the number of folds (n = 5 in our case).




Results


Myelin-weighted connectomes

In Figure 2, the orange line in the plots displays the predicted network metrics in relation to age derived from the connectome obtained using the Tractometry-based approach, while the gray points depict the raw values of network metrics. On the other hand, the green line represents the predicted network metrics with respect to age extracted from connectomes generated using the MySD method, along with the raw values depicted as gray dots. The observations from these plots indicate that the global mean connectivity strength and efficiency (panel A and panel C, respectively), computed from the myelin-weighted connectomes produced by both modalities, exhibit a curve resembling an asymmetric inverted U-shape as a function of age. These curves reach their peak around the age 40 years, which aligns with previous experimental findings using different myelin sensitive values (Yeatman et al., 2014).

[image: Figure 2]

FIGURE 2
 The line in the plot shows the predicted values of network metrics [(A) Mean strength, (B) modularity, (C) efficiency] of interest in dependence of age, while raw network metrics values are reported as gray dots. Based on the model to assess the impact of age in the global network metrics considering sex and WM volume as covariates, we predicted the global network metrics for age in range 20–70. We fixed sex as males and WM volume as the average value found in our sample. In orange are reported the predicted network metrics from the model fitted on Tractometry weighted connectomes, while in green are reported the network metrics computed using MySD. In panel (D) we reported the plot of the adjusted R2 values for each model. High R2 indicates that a lot of variance in the data is explained by the model. As first observation we can say that myelin-weighted network metrics peak around forty in all the models. On the other hand, we see a bigger R2 in case of MySD indicating its capacity to offer more precise estimates of myelin-weighted connectivity in comparison to Tractometry. COMMIT, Convex Optimization Modeling for Microstructure Informed Tractography; MySD, Myelin Streamlines Decomposition; MVF, Myelin Volume Fraction.


The upper section of Table 1 presents the outcomes of statistical analyses conducted to compare the effectiveness of the methodologies in capturing myelin changes at different age stages. Consistent with the plots depicted in Figure 2, the results demonstrate that both Tractometry (top left of the table) and MySD (top right of the table) are sensitive to alterations in global efficiency and mean connectivity strength of myelin-weighted networks. However, MySD proves to be more precise in identifying myelin changes compared to Tractometry, as evidenced by the model’s superior goodness of fit. As depicted in Figure 2D, the estimated model based on MySD data exhibits goodness of fit at least twice as high as the one obtained with Tractometry (page-square = 0.031, R2 = 0.606; page-square = 0.035, R2 = 0.257, respectively for global efficiency and page = 0.023, page-square = 0.009, R2 = 0.781; page = 0.022, page-square = 0.015, R2 = 0.392, respectively for mean strength). Additionally, our findings highlight that white-matter volume is necessary for explaining the observed data (p < 0.05), and the collinearity with sex does not impact the results (variance inflation factor < 2). Furthermore, the mean squared errors (MSEs) obtained from the five-fold cross-validation test indicate that the Tractometry-based approach yields MSE values twice as high as those computed with MySD (MSE = 0.886, MSE = 0.441, respectively for efficiency and MSE = 0.822, MSE = 0.361, respectively for mean strength). Consequently, the discrepancy between the tested and predicted data using Tractometry-based approach is at least twice as large as the discrepancy when using MySD. Thus, after accounting for the known predictors through regression, MySD demonstrates a significantly lower residual error. This suggests that MySD potentially offers more precise estimations of myelin-weighted connectivity compared to Tractometry. As the age distribution in the dataset was not uniform, we repeated the analysis by splitting the sample to match the age distribution of the whole dataset in each subgroup; however, results do not change our conclusions, but for the sake of completeness we report them in the Supplementary Figure S1, Supplementary Tables S1, S2.



TABLE 1 In the upper part of the table are reported the results of the robust regression model applied to data from myelin-weighted connectomes using Tractometry (on the left) and MySD (on the right) between network metrics age and age2, accounting for sex and white-matter volume as covariates, while in the bottom part of the table are reported the results of the robust regression model applied to data from diffusion-weighted connectomes using Tractometry (on the left) and COMMIT (on the right) between network metrics age and age2, accounting for sex and white-matter volume as covariates.
[image: Table1]



Diffusion-weighted connectomes

The lines in the plots depicted in Figure 3 show the predicted network metrics extracted from the microstructure-weighted connectomes of the INVF map using Tractometry (plots colored orange) and COMMIT (plots colored green). Raw network metric values are represented as gray points. Like the analysis using MVF map, the results show that the mean connectivity strength, and the global efficiency (panel A and panel C, respectively) extracted from the INVF-weighted connectomes calculated using both Tractometry and COMMIT, exhibit a curve resembling an inverted U-shape as a function of age that peaks around the age range of 40–50 years (Gunning-Dixon et al., 2009; Melie-Garcia et al., 2018; Slater et al., 2019; Lebel et al., 2022).

[image: Figure 3]

FIGURE 3
 The line in the plot shows the predicted values of network metrics [(A) Mean strength, (B) modularity, (C) efficiency] while raw network metrics values are reported as gray dots. Based on the model to assess the impact of age in the global network metrics considering sex and WM volume as covariates, we predicted the global network metrics for age in range 20–70. We fixed sex as males and WM volume as the average value found in our sample. In orange are reported the predicted network metrics from the model fitted on Tractometry weighted connectomes, while in green are reported the network metrics computed using COMMIT. In panel (D) we reported the plot of the adjusted R2 values for each model. High R2 indicates that a lot of variance in the data is explained by the model. As first observation we can say that myelin-weighted network metrics peak around forty in all the models. On the other hand, we see a bigger R2 in case of COMMIT indicating its capacity to offer more precise estimates of diffusion-weighted connectivity in comparison to Tractometry. COMMIT, Convex Optimization Modeling for Microstructure Informed Tractography; INVF, intra-neurite volume fraction.


The outcomes of the statistical analysis conducted on the diffusion-weighted connectomes can be found at the bottom of Table 1. As seen above, the results show that both methods are sensitive to changes occurring in the diffusion-weighted network concerning global efficiency and mean connectivity strength. However, as depicted in Figure 3D, the values of the goodness of the fit of the model, are twice as high for analyses conducted on data calculated using COMMIT (bottom right table) as compared to data calculated using Tractometry-based approach (bottom left table) (page < 0.001, page-square < 0.001, R2 = 0.635; page < 0.001, page-square < 0.001, R2 = 0.264, respectively for efficiency and page < 0.001, page-square < 0.001, R2 = 0.741; page = 0.001, page-square = 0.001, R2 = 0.368, respectively for mean strength). Aligned to the previous analysis, this is reflected in the estimate of MSE (reported in Table 1), which is twice lower in the analysis conducted on connectomes using COMMIT compared to Tractometry (MSE = 0. 361, MSE = 0.822, respectively for efficiency and MSE = 0.255, MSE = 0.747, respectively for mean strength). By incorporating the known predictors through regression, COMMIT demonstrates a significantly reduced residual error, thereby affirming its capacity to offer more precise estimates of diffusion-weighted connectivity in comparison to Tractometry.

Lastly, it is important to note that when applying the statistical model to modularity computed from MySD connectomes, we observed the lowest R2, indicating a lot of variability not explained by the predictors used in the model. In contrast, the statistical model with modularity calculated on Tractometry connectomes is significant (R2 = 0.216 and R2 = 0.252, respectively, for MVF and INVF). In this case, the differences in the white-matter volume (p < 0.001) explain differences in network modularity, while age does not appear to have a significant impact on this network metric.




Discussion

In this work, we exploited the application of MySD, a new and promising COMMIT-based method, to study changes in global brain network properties across the age span. We compared MySD to Tractometry (Bells et al., 2011), a commonly used method that integrates axonal and myelin properties with diffusion-based tractography to investigate myelin-weighted connectomes.

Our results show that the changes occurring in myelin network architecture due to aging have critical effects on network connection strength and efficiency (Figures 2A,C; Table 1). Specifically, we found that efficiency and mean strength extracted from myelin-weighted connectomes reach their highest point of development around 40 years of age; after this peak, the natural degeneration of axonal microstructure begins.

The literature on myelin network architecture during brain aging is not extensive (Yeatman et al., 2014; Lebel et al., 2022). Moreover, studies investigating this issue have focused on analyzing myelin relative to specific bundles or ROIs rather than globally (Gunning-Dixon et al., 2009; Bartzokis et al., 2010; Callaghan et al., 2014; Yeatman et al., 2014; Billiet et al., 2015; Melie-Garcia et al., 2018; Lebel et al., 2022). These studies show that, as found in our results, myelin changes follow an asymmetrical inverted U-shaped curve with a peak around 40 years of age (Yeatman et al., 2014). Thus, late-maturing brain tissues, such as myelin, are subject to retrogenesis, i.e., they are particularly vulnerable to degeneration during brain aging (Yeatman et al., 2014). Moreover, these tissues follow the reverse sequence to maturation during degeneration (Yeatman et al., 2014).

The curves shown in the plots presented in Figures 2, 3 highlight the distinction in tissue maturation between myelin-weighted connectomes and diffusion. Myelin plays a crucial role during the developmental years, which, unfortunately, we have not included in our sample. In fact, for myelin, we can see that the peak of network metrics slightly precedes the peak of the network metrics extracted from diffusion-weighted connectomes. Although our results show that changes in myelin are less striking with respect to axonal density, we showed that the MySD method identifies and quantifies myelin degeneration besides providing more reliable estimates of connectivity estimates. The obtained results are promising. The ability to measure the actual myelin volume fraction for each bundle, at a global level, is of paramount importance, especially in neurodegenerative diseases. Applying this method to patient data will provide the opportunity to examine the effects of demyelination credibly and accurately on brain structure.

In the broader context of our study, which explores the overall architecture of the myelin-weighted connectome, MySD outperforms traditional Tractometry-based approaches in detecting myelin network changes during normal aging. This disparity may stem from differences in their inherent definitions. Tractometry, for instance, combines microstructural maps with the reconstructed tractogram by sampling the streamlines at n points, with each point assigned the voxel-wise value derived from the underlying microstructural map. Subsequently, the average of these values is calculated along the specific streamline’s pathway. While such methods offer valuable macroscopic insights, they present an issue when multiple fiber populations interdigitate within a voxel. In such cases, the same value is projected to all fibers passing through that voxel, potentially introducing bias into the results. To address this concern, Boshkovski et al. proposed using the median instead of the average. This approach is highly recommended for two primary reasons: (i) the median is less influenced by outliers, and (ii) it does not assume a normal distribution of values along the bundle. For a comprehensive perspective, we also present results of Tractometry using the mean instead of the median for INVF in Supplementary Table S3, showing consistent outcomes. In contrast, COMMIT addresses this issue by deconvolving specific microstructural features for each fiber, allowing the recovery of individual streamlines’ contributions to the measured signal.

In our diffusion-based analyses, we selected the INVF map from SMT due to its stability in handling crossing fibers, a common occurrence in neuronal structures. A previous study investigating the effects of aging on network metrics used the ICVF map from Neurite Orientation Dispersion and Density (NODDI) (Buchanan et al., 2020). Both INVF and ICVF maps are sensitive to axonal density, and their values within the white matter (WM) are highly correlated (r = 0.87). To bolster the robustness of our study, we conducted identical analyses using the ICVF map from NODDI, as presented in Supplementary Table S4.

One limitation of this study is the age range of the subjects (18–68 years), which may not capture typical myelin network changes (Lebel et al., 2022). While our results reveal changes during brain development and myelin degeneration, the full curve’s symmetry is unclear due to the dominance of older subjects. A broader age range could provide a better understanding. Additionally, we excluded sex*age interaction from our model due to unequal age distribution between males and females.

We know from previous studies that the ratio of gray matter to white matter changes with aging (Westlye et al., 2010; Lebel et al., 2022). Global network metrics are closely dependent on white matter volume. Smaller volumes of white matter, regardless of the cause, lead to (1) tracking problems for tractography which likely reconstructs fewer streamlines and, consequently, to (2) lower values of global efficiency and mean connectivity strength of the final connectomes. For this reason, we used white matter volume as a possible confounder in the analyses.

The primary aim of this study was to evaluate the effectiveness and robustness of the MySD method in generating myelin-weighted global connectomes, an application not previously explored in clinical settings. To accomplish this, we chose a relatively straightforward context, namely aging, where previous research has well-demonstrated the sensitivity of diffusion methods. Therefore, our specific emphasis on myelin in this study adds a level of detail that might otherwise be overlooked.

Nonetheless, we firmly believe that highlighting MySD’s sensitivity to changes in the myelin structure of the network could significantly impact the study of demyelinating pathologies. In cases where diffusion alone may not be sufficient to detect this phenomenon, this emphasis on MySD could prove crucial. Furthermore, in future investigations, the incorporation of longitudinal data, along with the examination of local changes in myelin-weighted structural connectivity, has the potential to substantially enhance the study’s impact.

To conclude, this study underscores the importance of considering age’s role in brain connectivity research, emphasizing its non-linear nature. Different age groups exhibit unique connectivity patterns, necessitating non-linear age models and age-specific investigations for accurate connectivity estimates. Proper age adjustment in analyses ensures more reliable and meaningful interpretations of brain connectivity results.



Conclusion

In this study, we showcased MySD’s robustness and sensitivity to myelin network changes in normal brain aging, highlighting its accuracy and capability to overcome Tractometry limitations. Applying this approach to neurodegenerative diseases could offer valuable insights into demyelination effects.



Data availability statement

The data analyzed in this study is subject to the following licenses/restrictions: the processed data supporting the conclusions of this article will be made available by the authors, without undue reservation. The code for the MySD method used in this study is available at https://github.com/daducci/COMMIT/wiki/Bundle-myelin-fraction-%28BMF%29-mapping-with-MySD. Additionally, we provide the scripts used to generate the findings of this study on a dedicated WIKI page in the GITHUB repository of COMMIT (https://github.com/daducci/COMMIT/wiki). Requests to access these datasets should be directed to CG, cristina.granziera@unibas.ch.



Ethics statement

The studies involving humans were approved by the ethical review committee of the University Hospital Basel (IRB of Northwest Switzerland). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

SB, SiS, AD, and CG: conception and design of the study. SB, SiS, SaS, P-JL, MuB, MaB, MW, and LM-G: analysis of data. P-JL, MuB, and MW: data acquisition. SB, SiS, SaS, AD, and CG drafting the manuscript. SB, SiS, SaS, P-JL, MuB, MaB, MW, LM-G, AD, and CG revised the final manuscript. All authors contributed to the article and approved the submitted version.



Funding

CG was supported by the Swiss National Science Foundation (SNSF) grant PP00P3_206151.



Acknowledgments

We thank Marguerite Limberg for her precious contribution to enrolling study participants and we thank all the healthy subjects for their contribution.



Conflict of interest

SiS was employed by ASG Superconductors S.p.A. MuB was an employee of Hays plc and a consultant for F. Hoffmann-La Roche Ltd. MW received research funding from Biogen for developing spinal cord MRI. The University Hospital Basel (USB), as the employer of CG, has received the following fees which were used exclusively for research support: (i) advisory board and consultancy fees from Actelion, Genzyme-Sanofi, Novartis, GeNeuro, and Roche; (ii) speaker fees from Genzyme-Sanofi, Novartis, GeNeuro and Roche; (iii) research support from Siemens, GeNeuro, Roche.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2023.1228952/full#supplementary-material



Footnotes

1   https://github.com/aestrivex/bctpy

2   https://www.r-project.org



References

 Andersson, J. L. R., Skare, S., and Ashburner, J. (2003). How to correct susceptibility distortions in spin-echo echo-planar images: application to diffusion tensor imaging. NeuroImage 20, 870–888. doi: 10.1016/S1053-8119(03)00336-7 

 Andersson, J. L. R., and Sotiropoulos, S. N. (2016). An integrated approach to correction for off-resonance effects and subject movement in diffusion MR imaging. NeuroImage 125, 1063–1078. doi: 10.1016/j.neuroimage.2015.10.019 

 Bartzokis, G., Lu, P. H., Tingus, K., Mendez, M. F., Richard, A., Peters, D. G., et al. (2010). Lifespan trajectory of myelin integrity and maximum motor speed. Neurobiol. Aging 31, 1554–1562. doi: 10.1016/j.neurobiolaging.2008.08.015 

 Basser, P. J., Pajevic, S., Pierpaoli, C., Duda, J., and Aldroubi, A. (2000). In vivo fiber tractography using DT-MRI data. Magn. Reson. Med. 44, 625–632. doi: 10.1002/1522-2594(200010)44:4<625::AID-MRM17>3.0.CO;2-O 

 Buchanan, C. R., Bastin, M. E., Ritchie, S. J., Liewald, D. C., Madole, J. W., Tucker-drob, E. M., et al. (2020). The effect of network thresholding and weighting on structural brain networks in the UK biobank. NeuroImage 211:116443. doi: 10.1016/j.neuroimage.2019.116443

 Beaulieu, C. (2002). The basis of anisotropic water diffusion in the nervous system – a technical review. NMR Biomed. 15, 435–455. doi: 10.1002/nbm.782 

 Bells, S., Cercignani, M., Deoni, S., and Assaf, Y. (2011). “Tractometry’ – comprehensive multi-modal quantitative assessment of white matter along specific tracts” in Proceedings of the International Society for Magnetic Resonance in medicine, 678.

 Belsley, D. A., Edwin, K., and Welsch, R. E., Regression diagnostics: Identifying influential data and sources of collinearity. John Wiley & Sons, Inc.: Hoboken, NJ. (2005).

 Berrar, D. (2018). “Cross-validation” in Encyclopedia of bioinformatics and computational biology: ABC of bioinformatics (Amsterdam: Elsevier), 542–545.

 Billiet, T., Vandenbulcke, M., Mädler, B., Peeters, R., Dhollander, T., Zhang, H., et al. (2015). Age-related microstructural differences quantified using myelin water imaging and advanced diffusion MRI. Neurobiol. Aging 36, 2107–2121. doi: 10.1016/j.neurobiolaging.2015.02.029 

 Boshkovski, T., Cohen-Adad, J., Misic, B., Arnulf, I., Corvol, J. C., Vidailhet, M., et al. (2022). The myelin-weighted connectome in Parkinson’s disease. Mov. Disord. 37, 724–733. doi: 10.1002/mds.28891 

 Boshkovski, T., Kocarev, L., Cohen-Adad, J., Mišić, B., Lehéricy, S., Stikov, N., et al. (2021). The R1-weighted connectome: complementing brain networks with a myelin-sensitive measure. Netw. Neurosci. 5, 358–372. doi: 10.1162/netn_a_00179 

 Bosticardo, S., Schiavi, S., Schaedelin, S., Lu, P. J., Barakovic, M., Weigel, M., et al. (2021). Microstructure-weighted Connectomics in multiple sclerosis. Brain Connect. 12, 6–17. doi: 10.1089/brain.2021.0047 

 Bullmore, E. T., and Bassett, D. S. (2011). Brain graphs: graphical models of the human brain connectome. Annu. Rev. Clin. Psychol. 7, 113–140. doi: 10.1146/annurev-clinpsy-040510-143934 

 Callaghan, M. F., Freund, P., Draganski, B., Anderson, E., Cappelletti, M., Chowdhury, R., et al. (2014). Widespread age-related differences in the human brain microstructure revealed by quantitative magnetic resonance imaging. Neurobiol. Aging 35, 1862–1872. doi: 10.1016/j.neurobiolaging.2014.02.008 

 Campbell, J. S. W., and Pike, G. B. (2014). Potential and limitations of diffusion MRI tractography for the study of language. Brain Lang. 131, 65–73. doi: 10.1016/j.bandl.2013.06.007 

 Cercignani, M., Giulietti, G., Dowell, N. G., Gabel, M., Broad, R., Leigh, P. N., et al. (2017). Characterizing axonal myelination within the healthy population: a tract-by-tract mapping of effects of age and gender on the fiber g-ratio. Neurobiol. Aging 49, 109–118. doi: 10.1016/j.neurobiolaging.2016.09.016

 Cunniffe, N., and Coles, A. (2019). Promoting remyelination in multiple sclerosis. J. Neurol. 268, 30–44. doi: 10.1007/s00415-019-09421-x 

 Daducci, A., Dal Palù, A., Lemkaddem, A., and Thiran, J.-P. P. (2014). COMMIT: convex optimization modeling for microstructure informed tractography. IEEE Trans. Med. Imaging 34, 246–257. doi: 10.1109/TMI.2014.2352414 

 Daducci, A., Palú, A. D., Descoteaux, M., and Thiran, J. P. (2016). Microstructure informed tractography: pitfalls and open challenges. Front. Neurosci. 10, 1–13. doi: 10.3389/fnins.2016.00247 

 Desikan, R. S., Ségonne, F., Fischl, B., Quinn, B. T., Dickerson, B. C., Blacker, D., et al. (2006). An automated labeling system for subdividing the human cerebral cortex on MRI scans into gyral based regions of interest. NeuroImage 31, 968–980. doi: 10.1016/j.neuroimage.2006.01.021 

 Devan, S. P., Jiang, X., Bagnato, F., and Xu, J. (2020). Optimization and numerical evaluation of multi-compartment diffusion MRI using the spherical mean technique for practical multiple sclerosis imaging. Magn. Reson. Imaging 74, 56–63. doi: 10.1016/j.mri.2020.09.002 

 Faizy, T. D., Thaler, C., Broocks, G., Flottmann, F., Leischner, H., Kniep, H., et al. (2020). The myelin water fraction serves as a marker for age-related myelin alterations in the cerebral white matter – a multiparametric MRI aging study. Front. Neurosci. 14, 1–14. doi: 10.3389/fnins.2020.00136 

 Fischl, B. (2012). FreeSurfer. NeuroImage 62, 774–781. doi: 10.1016/j.neuroimage.2012.01.021 

 Fornito, A., Zalesky, A., and Bullmore, E., Fundamentals of brain network analysis. Cambridge: Academic press. (2016).

 Ganter, C., Settles, M., Dregely, I., Santini, F., Scheffler, K., and Bieri, O. (2013). B1+-mapping with the transient phase of unbalanced steady-state free precession. Magn. Reson. Med. 70, 1515–1523. doi: 10.1002/mrm.24598 

 Giorgio, A., Watkins, K. E., Chadwick, M., James, S., Winmill, L., Douaud, G., et al. (2010). Longitudinal changes in grey and white matter during adolescence. NeuroImage 49, 94–103. doi: 10.1016/j.neuroimage.2009.08.003

 Granziera, C., Wuerfel, J., Barkhof, F., Calabrese, M., De Stefano, N., Enzinger, C., et al. (2020). Quantitative magnetic resonance imaging towards clinical application in multiple sclerosis. Brain, 1–44. doi: 10.1093/brain/awab029

 Gunning-Dixon, F. M., Brickman, A. M., Cheng, J. C., and Alexopoulos, G. S. (2009). Aging of cerebral white matter: a review of MRI findings. Int. J. Geriatr. Psychiatry 24, 109–117. doi: 10.1002/gps.2087 

 Hara, S., Hori, M., Hagiwara, A., Tsurushima, Y., Tanaka, Y., Maehara, T., et al. (2020). Myelin and axonal damage in normal-appearing white matter in patients with moyamoya disease. Am. J. Neuroradiol. 41, 1618–1624. doi: 10.3174/ajnr.A6708 

 Helms, G., Dathe, H., Kallenberg, K., and Dechent, P. (2008). High-resolution maps of magnetization transfer with inherent correction for RF inhomogeneity and T1 relaxation obtained from 3D FLASH MRI. Magn. Reson. Med. 60, 1396–1407. doi: 10.1002/mrm.21732 

 Horsfield, M. A. (2005). Magnetization transfer imaging in multiple sclerosis. J. Neuroimaging 15, 58–67. doi: 10.1177/1051228405282242

 Iglesias, J. E., Van Leemput, K., Bhatt, P., Casillas, C., Dutt, S., Schuff, N., et al. (2015). Bayesian segmentation of brainstem structures in MRI. Available at: http://www.adni-info.org

 Jenkinson, M., Bannister, P., Brady, M., and Smith, S. (2002). Improved optimization for the robust and accurate linear registration and motion correction of brain images. NeuroImage 17, 825–841. doi: 10.1006/nimg.2002.1132 

 Jenkinson, M., Beckmann, C. F., Behrens, T. E. J., Woolrich, M. W., and Smith, S. M. (2012). FSL. NeuroImage 62, 782–790. doi: 10.1016/j.neuroimage.2011.09.015

 Jeurissen, B., Descoteaux, M., Mori, S., and Leemans, A. (2019). Diffusion MRI fiber tractography of the brain. NMR Biomed. 32:3785. doi: 10.1002/nbm.3785

 Jeurissen, B., Tournier, J.-D., Dhollander, T., Connelly, A., and Sijbers, J. (2014). Multi-tissue constrained spherical deconvolution for improved analysis of multi-shell diffusion MRI data. NeuroImage 103, 411–426. doi: 10.1016/j.neuroimage.2014.07.061 

 Jones, D. K. (2010). Challenges and limitations of quantifying brain connectivity in vivo with diffusion MRI. Imaging Med 2, 341–355. doi: 10.2217/iim.10.21

 Jones, D. K., Knösche, T. R., and Turner, R. (2013). White matter integrity, fiber count, and other fallacies: the do’s and don’ts of diffusion MRI. NeuroImage 73, 239–254. doi: 10.1016/j.neuroimage.2012.06.081 

 Kamagata, K., Zalesky, A., Yokoyama, K., Andica, C., Hagiwara, A., Shimoji, K., et al. (2019). MR g-ratio-weighted connectome analysis in patients with multiple sclerosis. Sci. Rep. 9:13522. doi: 10.1038/s41598-019-50025-2 

 Kochunov, P., Glahn, D. C., Lancaster, J., Thompson, P. M., Kochunov, V., Rogers, B., et al. (2011). Fractional anisotropy of cerebral white matter and thickness of cortical gray matter across the lifespan. NeuroImage 58, 41–49. doi: 10.1016/j.neuroimage.2011.05.050 

 Kochunov, P., Williamson, D. E., Lancaster, J., Fox, P., Cornell, J., Blangero, J., et al. (2012). Fractional anisotropy of water diffusion in cerebral white matter across the lifespan. Neurobiol. Aging 33, 9–20. doi: 10.1016/j.neurobiolaging.2010.01.014 

 Koller, M., and Stahel, W. A. (2011). Sharpening Wald-type inference in robust regression for small samples. Comput. Stat. Data Anal. 55, 2504–2515. doi: 10.1016/j.csda.2011.02.014

 Lebel, C., Gee, M., Camicioli, R., Wieler, M., Martin, W., and Beaulieu, C. (2012). Diffusion tensor imaging of white matter tract evolution over the lifespan. NeuroImage 60, 340–352. doi: 10.1016/j.neuroimage.2011.11.094 

 Lebel, C., Salat, D., and Yeatman, J. Tractography: Applications to neurodevelopment, aging, plasticity Tractography: Applications to neurodevelopment, aging, & plasticity Department of Radiology, University of Calgary; Alberta children’ s hospital research institute and Hotchkiss. (2022).

 Maier-Hein, K. H., Neher, P. F., Houde, J. C., Côté, M. A., Garyfallidis, E., Zhong, J., et al. (2017). The challenge of mapping the human connectome based on diffusion tractography. Nat. Commun. 8:1349. doi: 10.1038/s41467-017-01285-x 

 Mancini, M., Giulietti, G., Dowell, N., Spanò, B., Harrison, N., Bozzali, M., et al. (2018). Introducing axonal myelination in connectomics: a preliminary analysis of g-ratio distribution in healthy subjects. NeuroImage 182, 351–359. doi: 10.1016/j.neuroimage.2017.09.018

 Meissner, T. W., Genç, E., Mädler, B., and Weigelt, S. (2021). Myelin development in visual scene-network tracts beyond late childhood: a multimethod neuroimaging study. Cortex 137, 18–34. doi: 10.1016/j.cortex.2020.12.016 

 Melie-Garcia, L., Slater, D., Ruef, A., Sanabria-Diaz, G., Preisig, M., Kherif, F., et al. (2018). Networks of myelin covariance. Hum. Brain Mapp. 39, 1532–1554. doi: 10.1002/hbm.23929

 Mohammadi, S., Carey, D., Dick, F., Diedrichsen, J., Sereno, M. I., Reisert, M., et al. (2015). Whole-brain in-vivo measurements of the axonal G-ratio in a group of 37 healthy volunteers. Front. Neurosci. 9:441. doi: 10.3389/fnins.2015.00441 

 Morell, P., and Quarles, R. H. (1999). “Characteristic composition of myelin” in Basic neurochemistry: Molecular, cellular and medical aspects. 6th ed. Philadelphia: Lippincott-Raven. Available from: https://www.ncbi.nlm.nih.gov/books/NBK28221/

 Nomura, Y., Sakuma, H., Takeda, K., Tagami, T., Okuda, Y., and Nakagawa, T. (1994). Diffusional anisotropy of the human brain assessed with diffusion-weighted MR: relation with normal brain development and aging. Am. J. Neuroradiol. 15, 231–238.

 Ocampo-Pineda, M., Schiavi, S., Rheault, F., Girard, G., Petit, L., Descoteaux, M., et al. (2021). Hierarchical microstructure informed tractography. Brain Connect. 11, 75–88. doi: 10.1089/brain.2020.0907 

 Ota, M., Sato, N., Maikusa, N., Sone, D., Matsuda, H., and Kunugi, H. (2017). Whole brain analyses of age-related microstructural changes quantified using different diffusional magnetic resonance imaging methods. Jpn. J. Radiol. 35, 584–589. doi: 10.1007/s11604-017-0670-7 

 Pestilli, F., Yeatman, J., Rokem, A., Kay, K., Takemura, H., and Wandell, B. (2014). LiFE: linear fascicle evaluation a new technology to study visual connectomes. J. Vis. 14:1122. doi: 10.1167/14.10.1122

 Raffelt, D. A., Tournier, J. D., Smith, R. E., Vaughan, D. N., Jackson, G., Ridgway, G. R., et al. (2017). Investigating white matter fibre density and morphology using fixel-based analysis. NeuroImage 144, 58–73. doi: 10.1016/j.neuroimage.2016.09.029 

 Rubinov, M., and Sporns, O. (2010). Complex network measures of brain connectivity: uses and interpretations. NeuroImage 52, 1059–1069. doi: 10.1016/j.neuroimage.2009.10.003 

 Salat, D. H., Tuch, D. S., Greve, D. N., van der Kouwe, A. J. W., Hevelone, N. D., Zaleta, A. K., et al. (2005). Age-related alterations in white matter microstructure measured by diffusion tensor imaging. Neurobiol. Aging 26, 1215–1227. doi: 10.1016/j.neurobiolaging.2004.09.017

 Sampaio-Baptista, C., and Johansen-Berg, H. (2017). White matter plasticity in the adult brain. Neuron 96, 1239–1251. doi: 10.1016/j.neuron.2017.11.026

 Schiavi, S., Lu, P. J., Weigel, M., Lutti, A., Jones, D. K., Kappos, L., et al. (2022). Bundle myelin fraction (BMF) mapping of different white matter connections using microstructure informed tractography. NeuroImage 249:118922. doi: 10.1016/j.neuroimage.2022.118922 

 Schiavi, S., Ocampo-Pineda, M., Barakovic, M., Petit, L., Descoteaux, M., Thiran, J. P., et al. (2020). A new method for accurate in vivo mapping of human brain connections using microstructural and anatomical information. Sci. Adv. 6:eaba8245. doi: 10.1126/sciadv.aba8245 

 Schiavi, S., Petracca, M., Battocchio, M., el Mendili, M. M., Paduri, S., Fleysher, L., et al. (2020). Sensory-motor network topology in multiple sclerosis: structural connectivity analysis accounting for intrinsic density discrepancy. Hum. Brain Mapp. 41, 2951–2963. doi: 10.1002/hbm.24989 

 Shi, Y., and Toga, A. W. (2017). Connectome imaging for mapping human brain pathways. Mol. Psychiatry 22, 1230–1240. doi: 10.1038/mp.2017.92 

 Slater, D. A., Melie-Garcia, L., Preisig, M., Kherif, F., Lutti, A., and Draganski, B. (2019). Evolution of white matter tract microstructure across the life span. Hum. Brain Mapp. 40, 2252–2268. doi: 10.1002/hbm.24522 

 Smith, S. M., Jenkinson, M., Woolrich, M. W., Beckmann, C. F., Behrens, T. E. J., Johansen-Berg, H., et al. (2004). Advances in functional and structural MR image analysis and implementation as FSL. NeuroImage 23, S208–S219. doi: 10.1016/j.neuroimage.2004.07.051 

 Smith, R. E., Raffelt, D., Tournierc, J.-D., and Connelly, A. (2022). Quantitative streamlines tractography: methods and inter-subject normalisation. Aperture Neuro. 2, 1–25. doi: 10.52294/ApertureNeuro.2022.2.NEOD9565

 Smith, R. E., Tournier, J.-D., Calamante, F., and Connelly, A. (2012). Anatomically-constrained tractography: improved diffusion MRI streamlines tractography through effective use of anatomical information. NeuroImage 62, 1924–1938. doi: 10.1016/j.neuroimage.2012.06.005

 Smith, R. E., Tournier, J. D., Calamante, F., and Connelly, A. (2013). SIFT: spherical-deconvolution informed filtering of tractograms. NeuroImage 67, 298–312. doi: 10.1016/j.neuroimage.2012.11.049

 Smith, R. E., Tournier, J.-D., Calamante, F., and Connelly, A. (2015). SIFT2: enabling dense quantitative assessment of brain white matter connectivity using streamlines tractography. NeuroImage 119, 338–351. doi: 10.1016/j.neuroimage.2015.06.092 

 Sotiropoulos, S. N., and Zalesky, A. (2019). Building connectomes using diffusion MRI: why, how and but. NMR Biomed. 32:3752. doi: 10.1002/nbm.3752

 Sporns, O. Networks of the brain. Cambridge, MA: MIT Press. (2016).

 Sporns, O., Tononi, G., and Kötter, R. (2005). The human connectome: a structural description of the human brain. PLoS Comput. Biol. 1, 245–251. doi: 10.1371/journal.pcbi.0010042

 Sullivan, E. V., Adalsteinsson, E., Hedehus, M., Ju, C., Moseley, M., Lim, K. O., et al. (2001). Equivalent disruption of regional white matter microstructure in ageing healthy men and women. Neuroreport 12, 99–104. doi: 10.1097/00001756-200101220-00027 

 Tax, C. M. W., Kleban, E., Chamberland, M., Baraković, M., Rudrapatna, U., and Jones, D. K. (2021). Measuring compartmental T2-orientational dependence in human brain white matter using a tiltable RF coil and diffusion-T2 correlation MRI. NeuroImage 236:117967. doi: 10.1016/j.neuroimage.2021.117967

 Tournier, J.-D. D., Smith, R., Raffelt, D., Tabbara, R., Dhollander, T., Pietsch, M., et al. (2019). MRtrix3: a fast, flexible and open software framework for medical image processing and visualisation. NeuroImage 202:116137. doi: 10.1016/j.neuroimage.2019.116137 

 Tozer, D., Ramani, A., Barker, G. J., Davies, G. R., Miller, D. H., and Tofts, P. S. (2003). Quantitative magnetization transfer mapping of bound protons in multiple sclerosis. Magn. Reson. Med. 50, 83–91. doi: 10.1002/mrm.10514 

 Tustison, N. J., Avants, B. B., Cook, P. A., Zheng, Y., Egan, A., Yushkevich, P. A., et al. (2010). N4ITK: improved N3 bias correction. IEEE Trans. Med. Imaging 29, 1310–1320. doi: 10.1109/TMI.2010.2046908 

 Veraart, J., Fieremans, E., and Novikov, D. S. (2016a). Diffusion MRI noise mapping using random matrix theory. Magn. Reson. Med. 76, 1582–1593. doi: 10.1002/mrm.26059 

 Veraart, J., Novikov, D. S., Christiaens, D., Ades-aron, B., Sijbers, J., and Fieremans, E. (2016b). Denoising of diffusion MRI using random matrix theory. NeuroImage 142, 394–406. doi: 10.1016/j.neuroimage.2016.08.016 

 von Keyserlingk, D., and Schramm, U. (1984). Diameter of axons and thickness of myelin sheaths of the pyramidal tract fibres in the adult human medullary pyramid. Anat. Anz. 157, 97–111.

 Westlye, L. T., Walhovd, K. B., Dale, A. M., Bjornerud, A., Due-Tonnessen, P., Engvig, A., et al. (2010). Life-span changes of the human brain white matter: diffusion tensor imaging (DTI) and volumetry. Cereb. Cortex 20, 2055–2068. doi: 10.1093/cercor/bhp280 

 Woolrich, M. W., Jbabdi, S., Patenaude, B., Chappell, M., Makni, S., Behrens, T., et al. (2009). Bayesian analysis of neuroimaging data in FSL. NeuroImage 45, S173–S186. doi: 10.1016/j.neuroimage.2008.10.055 

 Yeatman, J. D., Wandell, B. A., and Mezer, A. A. (2014). Lifespan maturation and degeneration of human brain white matter. Nat. Commun. 5:4932. doi: 10.1038/ncomms5932 

 Yeh, C. H., Jones, D. K., Liang, X., Descoteaux, M., and Connelly, A. (2020). Mapping structural connectivity using diffusion MRI: challenges and opportunities. J. Magn. Reson. Imaging 53, 1666–1682. doi: 10.1002/jmri.27188 

 Yeh, F. C., Wedeen, V. J., and Tseng, W. Y. I. (2010). Generalized q-sampling imaging. IEEE Trans. Med. Imaging 29, 1626–1635. doi: 10.1109/TMI.2010.2045126

 Zalesky, A., Fornito, A., Cocchi, L., Gollo, L. L., van den Heuvel, M. P., and Breakspear, M. (2016). Connectome sensitivity or specificity: which is more important? NeuroImage 142, 407–420. doi: 10.1016/j.neuroimage.2016.06.035

 Zhang, F., Daducci, A., He, Y., Schiavi, S., Seguin, C., Smith, R. E., et al. (2022). Quantitative mapping of the brain’s structural connectivity using diffusion MRI tractography: a review. NeuroImage 249:118870. doi: 10.1016/j.neuroimage.2021.118870 



OPS/images/fnins-17-1228952-g003.jpg
20 30 40 50 60 70
Age

® 25
< 180
S, 160
L S
o | A <. |40 //_\\
o 15 N
g 1201
Q
=10 100

20 30 40 50 60 70
Age

20 30 40 50 60 70
Age

20 30 40 50 60 70
Age

Adjusted R?
Efficiency Modularity Streny

|| Tractometry

B coumr






OPS/images/fnins-17-1228952-t001.jpg
MVF Efficiency ~ Modularity Mean MVF COMMIT Efficiency ~ Modularity Mean

Tractometry strength  (i.e., MySD) strength
Age value of p 0.080 0715 0.022¢ Age value of p 0.071 0760 0.023*
Age estimate 7.56-4 494 80e2  Ageestimate Lie2 “ed 39e-1
Age? value of p 0.035* 0787 0.015* Age* value of p 0.031% 0673 0.009%
Age estimate “Lies 43c6 S10e3 Age estimate “Le-d 506 543
Sex value of p 0349 0.155 0780 Sex value of p 0.654 0.484 0.091
Sex estimate 1.8e-3 8.8e-3 —4.3e-2 Sex estimate =1.3e-2 =3.3e-3 Ly
WM volume value of p 0.002% <0.001% <0.001% WM volume value of p <0.001% 0.037% <0.001%
‘WM volume estimate 3.7e-8 =1.7e-7 5.4e-6 ‘WM volume estimate 1.5¢-6 5.9e-8 5.7e-5
R 0.257 0.216 0.392 0.606 0.035 0.781
MSE 0.886 0.905 0.765 MSE 0.441 1.029 0.251
'T';‘:Ciometry Efficiency  Modularity st’:":nag';h INVF COMMIT  Efficiency ~ Modularity St’:":nag':h
Age value of p <0.001% 0.964 0.001% Agevalue of p <0001% 0250 <0001%
Age estimate. 6.2e-3 5.6e-5 4.2e-2 Age estimate 7.6e-2 =1.3e-3 26
Age? value of p <0.001% 0.835 0.001% Age? value of p <0.001% 0213 <0001%
Age® estimate. ~7.0e-5 —3.0e-6 —4.8e-3 Age® estimate. —8.9e-4 1.7e-5 =3.le-2
Sexvalue of p 0849 0.183 0757 Sexvalue of p 0225 0.603 0719
Sex estimate —1.38e-3 7.6e-3 —4.le=1 Sex estimate =1.0e-1 2.8e-3 9.3e-1
WM volume value of p <0.001% <0001% <0001% WM volume value of p <0.001% 0507 <0.001%
‘WM volume estimate 1.7e-7 -1.6e-7 1.9e-5 ‘WM volume estimate 5.0e-6 2.1e-8 1.8e-4
R 0.264 0.252 0.368 R 0.635 0.017 0.741
MSE 0.822 0.826 0.747 MSE 0.361 1127 0.255

We marked the results with significant value of p with asterisks.
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