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SUMMARY

Adolescent brain development is difficult to study at scale because diffusion MRI (dMRI) measures are sensi-

tive to technical variability across scanning environments. The Adolescent Brain Cognitive Development 
(ABCD) study is the largest US-based longitudinal neuroimaging study of adolescent brain maturation. We pre-

sent ABCD-Brain Imaging Data Structure (BIDS) Community Collection (ABCC) release 3.1.0, a curated 
resource of more than 24,000 fully processed human ABCD dMRI datasets from participants aged 8–17 years. 
ABCC provides processed images, nuanced image quality metrics, advanced microstructural measures, and 
person-specific white matter bundle tractography. Across 62 bundles, measures of diffusion restriction and 
non-Gaussianity—including intracellular volume fraction from neurite orientation dispersion and density imag-

ing (NODDI), mean kurtosis tensor from diffusion kurtosis imaging (DKI), and return-to-origin probability from 
mean apparent propagator (MAP)-MRI—were more sensitive to development and more robust to variation in 
image quality than tensor-derived measures. Longitudinal harmonization of microstructural features with 
ComBat-GAMM markedly improved the cross-vendor generalizability of developmental effects. Together, 
ABCC accelerates reproducible, rigorous research on adolescent white matter development.

INTRODUCTION

Adolescence is a critical period of brain plasticity that supports 

cognitive development. 1–3 However, it is also understood as a

period of vulnerability to psychopathology. 4,5 As such, mapping 

the brain throughout adolescence provides insight into both 

typical and atypical trajectories of brain maturation. The Adoles-

cent Brain Cognitive Development (ABCD) study 6 is the largest
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longitudinal initiative tracking neuroimaging, behavior, cognition, 

and psychopathology across childhood and adolescence in the 

United States. Among the rich imaging data available, diffusion 

MRI (dMRI) is critical for characterizing the development of white 

matter microstructure and macrostructure. 7–9 Prior studies using 

ABCD dMRI data have linked white matter features to cognitive 

function, 10,11 the childhood environment, 12,13 and early markers 

of psychopathology. 14–19 Since ABCD first launched in 2015, the 

broader field has increasingly embraced advanced dMRI pre-

processing methods, 20 more detailed quality control proced-

ures, 21 approaches to modeling dMRI beyond the diffusion 

tensor, and person-specific bundle tractography. However, 

many of these recent methodological innovations and the exten-

sive outputs they produce—which may offer heightened sensi-

tivity to white matter development 22–24 —have not been gener-

ated and publicly shared as part of the official ABCD release. 

Applying state-of-the-art methods across large-scale datasets 

such as ABCD requires extensive computational resources 

and technical expertise, posing a significant barrier for many 

research groups. To accelerate rigorous and reproducible 

research in white matter maturation, we present the ABCD-

BIDS Community Collection (ABCC) 25 3.1.0 data release, which 

includes over 24,000 ABCD dMRI datasets with derived, anal-

ysis-ready, processed outputs (henceforth referred to as 

‘‘derivatives’’).

This new data resource addresses four major obstacles. First, 

scanner-related variability may obscure generalizable develop-

mental effects in large multisite datasets such as ABCD. 

Although statistical harmonization reduces mean-level scanner 

differences in dMRI derivatives, most prior work has focused on

univariate intersite differences between regional measures. 26,27 

Critically, it remains unknown whether harmonization aligns or 

distorts biologically meaningful spatial patterns of adolescent 

white matter maturation across scanning environments. White 

matter development follows reproducible large-scale patterns 

across the brain, 28–30 providing a biologically grounded bench-

mark for evaluating harmonization performance and micro-

structural model choices. However, scanner-specific factors, 

such as bias fields, may exhibit spatial structure that distort 

developmental patterns, limiting the generalizability of findings 

across acquisition sites. Here, we apply state-of-the-art longitu-

dinal nonlinear harmonization and test whether reducing scan-

ner-related variance enhances the generalizability of brain-

wide developmental effects across scanning environments.

A second major challenge is that multi-shell dMRI data can be 

analyzed using diverse postprocessing models that yield myriad 

features that characterize the diffusion process. However, the 

relative developmental sensitivity and generalizability of these 

measures remain unclear. Faced with such a profusion of 

models and the challenges in implementing each approach, in-

vestigators typically evaluate a single or small set of measures. 

Historically, studies have predominantly relied on simple 

tensor-based measures such as fractional anisotropy (FA) and 

mean diffusivity (MD). 30 More recent studies have shown that 

metrics from models such as neurite orientation dispersion 

and density imaging (NODDI), 31 mean apparent propagator 

MRI (MAP-MRI), 32 and diffusion kurtosis imaging (DKI) 33 may 

be more sensitive to developmental processes than traditional 

tensor-derived measures. 22–24 However, these comparisons 

have typically been made across separate studies and cohorts,
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often evaluating different subsets of model features, which limits 

direct comparison across modeling approaches. Moreover, it 

remains unclear whether developmental patterns generalize 

across these different dMRI features or replicate consistently 

across scanner vendors. Here, we leverage multiple dMRI 

models to systematically compare the developmental sensitivity 

and generalizability of diverse microstructural measures in the 

ABCD cohort.

Third, the impact of image quality on dMRI microstructural 

measures remains poorly characterized. These considerations 

are especially consequential in developmental studies such as 

ABCD, where dMRI image quality can vary systematically with 

age 34,35 and psychopathology. 36 In longitudinal multisite consor-

tia, age, scanning environment, and image quality may also be 

related. For example, earlier time points for a given partici-

pant—when they are younger—may be disproportionately ac-

quired on older scanner software versions. Such alignment can 

complicate statistical modeling by coupling biological and 

acquisition-related sources of variation. Although expert manual 

review is often considered the gold standard for neuroimaging 

quality control, manually reviewing all dMRI images at the scale 

of ABCD is usually impractical. In recent years, numerous auto-

mated measures of dMRI image quality have been proposed, 

capturing features such as head motion, contrast-to-noise ratio 

(CNR), q-space consistency, and slice-wise artifacts. However, 

it remains unclear which of these manual or automated quality 

metrics capture the most microstructural variation in the context 

of complex multisite longitudinal studies. We manually rated 

more than 3,000 ABCD dMRI images and systematically evalu-

ated associations between dozens of measures of image quality 

and white matter microstructure.

Finally, we aim to lower barriers to conducting rigorous 

and reproducible neuroimaging research. To this end, ABCC 

provides fully processed, analysis-ready derivatives as both 

high-dimensional imaging data and tidy tabular summaries. 

The processing workflows used to generate these outputs— 

QSIPrep 20 and QSIRecon 37 —are all open source, transparent, 

BIDS compliant, 38–40 and aligned with the NMIND criteria for 

rigor and usability. 41 By distributing standardized derivatives 

generated with widely adopted community tools, ABCC reduces 

the need for redundant reprocessing and minimizes variability 

introduced by custom in-house pipelines. As such, we anticipate 

that the dMRI data of ABCC will accelerate robust and reproduc-

ible studies of adolescent white matter development.

RESULTS

We applied state-of-the-art open-source dMRI processing 

pipelines, QSIPrep and QSIRecon, to longitudinal data from 

the ABCD study (Figure 1; see STAR Methods). Processing 

yielded 40 automated image quality metrics (IQMs; Table S1), 

as well as many macro- and microstructural features (Table S2) 

summarized across 67 person-specific white matter bundles 

(Figure S1). After quality control, 24,178 dMRI datasets across 

21 sites from 10,738 participants aged 8–17 years were retained 

for analysis (Table 1; Table S3). In addition, 33 trained reviewers 

manually rated 3,101 dMRI images, and a multivariate classifier 

was used to extend these ratings across the full cohort. These

derivatives are distributed as part of ABCC release 3.1.0, with 

future releases incorporating additional ABCD datasets as they 

are acquired and processed.

We first characterized variation in dMRI image quality across 

scanner vendors (Siemens, GE, and Philips) and software ver-

sions. To account for technical differences across acquisition 

environments, we then applied advanced longitudinal nonlinear 

harmonization with longitudinal ComBat-GAMM. 43 Using these 

harmonized data, we evaluated the developmental sensitivity 

of diffusion microstructural measures and their relationships to 

image quality. Throughout these analyses, we employed gener-

alized additive mixed models (GAMMs) to account for the longi-

tudinal data structure and flexibly model nonlinear develop-

mental effects while minimizing overfitting. For clarity, the main 

results focus on 62 consistently resolved white matter bundles 

and five commonly used microstructural measures. Specifically, 

we analyzed FA and MD from the DSI Studio tensor-fitting 

metric. We additionally evaluated the intracellular volume frac-

tion (ICVF; from NODDI), return-to-origin probability (RTOP; 

from MAP-MRI), and mean kurtosis tensor (MKT; from DKI). 

These metrics span the range of diffusion modeling approaches 

implemented in QSIRecon. Results for the remaining microstruc-

tural measures are reported in the supplemental information.

Automated measures of image quality vary by scanner 

vendor and software version

Scanner heterogeneity represents a major challenge for multisite 

neuroimaging consortia. Even with carefully harmonized acquisi-

tion protocols, images acquired across scanner vendors 

(Siemens, GE, and Philips) and software versions can differ sys-

tematically in quality. QSIPrep produced 40 automated IQMs 

(see STAR Methods; Table S1), including CNR within each diffu-

sion-weighted shell and temporal signal-to-noise ratio (tSNR) for 

the b = 0 shell. It also generated two q-space consistency met-

rics: neighboring dMRI correlation (NDC), which quantifies the 

similarity of neighboring diffusion directions, and dMRI contrast, 

which quantifies the expected difference between neighboring 

and orthogonal diffusion directions in q-space (Figure S2). To 

quantify scanner-driven variation and assess the effects of pre-

processing, we characterized IQMs across vendors and soft-

ware versions in both raw and preprocessed data.

Substantial vendor-related variation was observed across 

IQMs in both raw and preprocessed data (all Kruskal-Wallis tests 

p < 0.001). Vendor effects were large for CNR across shells 

(Figure 2A; η 2 = 0.59–0.67), and for b = 0 tSNR (Figure 2B;

η 2 = 0.50). Vendor differences in NDC (Figure 2C; raw

η 2 = 0.39; preprocessed η 2 = 0.68) and dMRI contrast 

(Figure 2D; raw η 2 = 0.17; preprocessed η 2 = 0.15) also persisted 

after preprocessing. Pairwise comparisons revealed systematic 

patterns: Siemens scanners exhibited higher CNR, tSNR, and 

NDC than both GE and Philips (Wilcoxon rank-sum tests; all 

rank-biserial |r| ≥ 0.73, p < 0.001), indicative of higher image 

quality. Philips scanners showed markedly lower dMRI contrast 

than Siemens and GE (|r| = 0.73–0.80, p < 0.001). Differences be-

tween Siemens and GE were comparatively smaller for both raw 

and preprocessed dMRI contrast (both |r| ≤ 0.11, p < 0.001). As 

expected, preprocessing with QSIPrep produced consistent 

within-scan improvements in IQMs calculated on both raw and
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preprocessed data, such as NDC and dMRI contrast (Figures 2C 

and 2D; paired Wilcoxon |r| > 0.86, p < 0.001).

Scanner software versions also exhibited systematic variation. 

Software versions tended to vary systematically with participant 

age (Figure 2E), reflecting scanner upgrades during the course of 

the study. Notably, within-vendor variation in image quality was 

evident across software versions (Figure 2F). Within GE, for 

example, preprocessed NDC differed strongly across software 

versions (Kruskal-Wallis test; η 2 = 0.50, p < 0.001), largely driven 

by reduced NDC in the earliest software version, DV25 (Wilcoxon 

rank-sum tests, all pairwise |r| > 0.9, p < 0.001). In contrast, 

preprocessed dMRI contrast showed substantially smaller vari-

ation across GE software versions (η 2 = 2.82 × 10 − 3 ,

p < 0.001). Additional IQMs and batch-stratified distributions 

are shown in Figures S3–S10. Together, these findings demon-

strate that preprocessing substantially improves image quality, 

yet substantial scanner-related variation persists, underscoring 

acquisition heterogeneity as a fundamental challenge for large 

multisite dMRI studies.

Harmonization reduces mean acquisition batch effects 

in white matter microstructure

Although harmonization has previously been applied to ABCD 

dMRI data, prior efforts have largely focused on cross-sectional 

baseline scans. 27 Here, we implemented longitudinal ComBat-

GAMM, 43 a longitudinal nonlinear harmonization approach that 

preserves participant-specific effects and nonlinear develop-

mental trajectories. To quantify acquisition-related variability, 

we modeled each bundle-wise microstructural metric as a 

function of age, sex, and acquisition batch (unique scanner

Figure 1. Postprocessing outputs from QSIRecon

QSIRecon was used to generate parametric microstructural maps, perform participant-specific bundle tractography, and compute bundle-wise summary 

statistics from ABCD dMRI data. Diffusion models implemented in DSI Studio, DIPY, TORTOISE, and AMICO were applied to estimate 33 microstructural maps; 

the five metrics highlighted in pink are those emphasized in the primary analyses. Outputs include streamline files for 67 participant-specific white matter bundles 

and three-dimensional NIfTI images of each microstructural map in both participant-specific and MNI152NLin2009cAsym space. Tabulated summaries of 

bundle-wise microstructural and macrostructural measurements are also provided. Figure adapted with permission from Cieslak et al. 42
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device-software version combinations). Batch effect size was 

defined as the change in adjusted R 2 (ΔR 2 adj ) between the full 

model and a reduced model excluding the batch predictor. Ana-

lyses were performed separately for unharmonized and harmo-

nized data.

In the unharmonized data, acquisition batch explained up to 

69.8% of variance in the data (Figure 3A). MKT was the most sus-

ceptible to batch effects (Figures 3B and 3C), with batch explain-

ing 37.2% of variance on average across bundles, followed by 

FA (26.6%), ICVF (20.1%), MD (18.4%), and RTOP (8.2%). Cere-

bellar and subcortical fibers tended to be most susceptible to 

batch effects. Following harmonization, batch effects were 

effectively eliminated for all measures (Figures 3B and 3C). Batch 

effects for all microstructural metrics are provided in Figure S11. 

These results demonstrate that longitudinal harmonization can 

be applied at scale and substantially attenuates scanner-related 

differences across acquisition environments.

Advanced measures of white matter microstructure are 

more sensitive to development

Multi-shell dMRI enables the estimation of numerous micro-

structural indices beyond the diffusion tensor, yet most develop-

mental studies have focused on a single measure or a limited 

subset of measures. To systematically compare their develop-

mental sensitivity, we quantified associations between age and 

harmonized microstructural measures across white matter bun-

dles. Each bundle-metric combination was modeled as a func-

tion of age and sex, and the developmental effect size was 

defined as the ΔR 2 adj between the full model and a reduced 

model excluding age (Figure 4A).

Across microstructural metrics, the strongest developmental 

effect sizes were observed for ICVF (Figure 4B), followed by 

MKT and RTOP (Figure 4C). ICVF explained 6%–52% of vari-

ance across bundles (mean ΔR 2 adj across bundles = 34.5%), 

MKT explained 5%–49% (mean = 32.6%), and RTOP explained 

1%–49% (mean = 28.7%). In contrast, tensor-derived mea-

sures showed substantially weaker developmental sensitivity: 

MD explained 0%–27% of variance (mean = 12.5%), and FA ex-

plained 0%–17% (mean = 7.4%). An analogous voxel-wise 

analysis was performed, which converged on similar results 

(Figure S12). Developmental sensitivity also varied across 

bundle categories, with association bundles exhibiting the 

strongest age effect sizes, and cerebellar bundles exhibiting 

the weakest. Developmental effect sizes for all microstructural 

metrics are provided in Figure S13. Together, these results

emphasize that advanced multi-compartment and non-Ga-

ussian metrics are more sensitive to development than conven-

tional tensor-derived measures.

Harmonization improves the generalizability of whole-

brain developmental effect sizes

Scanner effects are substantial and not uniform across the brain 

(Figure 3). Thus, technical variation in multisite neuroimaging 

may distort observed patterns of development across the brain. 

We therefore assessed whether longitudinal harmonization 

improved cross-vendor generalizability of developmental effect 

sizes. Within each scanner vendor, we estimated developmental 

effect sizes (ΔR 2 adj ) for each bundle and microstructural metric 

using unharmonized and harmonized data separately. Cross-

vendor correspondence was defined as the Spearman rank cor-

relation (ρ) between vendors’ vectors of bundle-wise age ef-

fect sizes.

Harmonization systematically increased cross-vendor co-

rrespondence for all metrics evaluated, often substantially 

(Figures 5A and S14). In harmonized data, all metrics showed 

mean harmonized correspondences greater than 0.91; MD 

showed the highest correspondence (mean harmonized ρ = 

0.98 across vendor pairs; mean Δρ = 0.09). The most pro-

nounced gains in generalizability following harmonization were 

observed for FA (mean ρ = 0.91; mean Δρ = 0.31) and MKT 

(mean ρ = 0.94; mean Δρ = 0.33). The largest single improve-

ment occurred for MKT, where the GE-Philips correspondence 

increased from 0.47 to 0.95 (Δρ = 0.48; Figures 5B and 5C). 

These findings indicate that longitudinal nonlinear harmoniza-

tion not only reduces mean vendor effects but also strengthens 

the reproducibility of spatial developmental patterns in large 

multisite studies.

Advanced diffusion models exhibit convergent 

developmental organization

Variation in the use of disparate microstructural models compli-

cates synthesis across studies. Our results demonstrate that 

contemporary microstructural measures show greater develop-

mental sensitivity than tensor-derived metrics (Figure 4C). How-

ever, it remains unclear whether different models of the diffusion 

signal capture a shared spatial pattern of development or 

whether tensor-derived measures simply reflect attenuated ver-

sions of a common developmental gradient.

We operationalized cross-metric correspondence as the 

Spearman rank correlation between bundle-wise age effects

Table 1. Summary of data

Session

Scanner vendor (n) Demographics

Siemens GE Philips Age (mean [SD]) Sex (M/F) Total

Baseline 5,414 2,174 814 9.97 [0.63] 4,364/4,038 8,402

Year 2 4,335 1,736 637 11.99 [0.65] 3,604/3,104 6,708

Year 4 3,685 1,446 516 14.16 [0.72] 3,024/2,623 5,647

Year 6 2,067 1,043 311 16.08 [0.66] 1,796/1,625 3,421

Total 15,501 6,399 2,278 12.37 [2.28] 12,788/11,390 24,178

Counts of dMRI scans by ABCD study session and scanner vendor following application of inclusion and exclusion criteria. Demographic summaries 

include the mean age (± SD) of participants at each session and the number of male (M) and female (F) participants.
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for each metric, estimated from the full harmonized dataset 

(Figure 5D; Figure S15). Advanced measures (ICVF, RTOP, 

and MKT) were highly correlated with one another (ρ ≥ 

0.93), indicating strong agreement in the pattern of develop-

mental effects across bundles. In contrast, tensor-derived 

metrics were more variable; MD showed particularly weak 

correspondence with other measures (mean ρ = 0.66). The 

strongest association was observed between ICVF and MKT 

(ρ = 0.96; Figure 5E), whereas the weakest was between FA 

and MD (ρ = 0.51; Figure 5F). These results indicate that 

developmental patterns are more consistent across advanced 

diffusion models than across commonly used tensor-derived 

measures.

dMRI contrast captures the most microstructural 

variance among measures of data quality

dMRI data can be characterized using numerous automated 

IQMs as well as expert manual review. However, it remains un-

clear which measures meaningfully capture variation in data 

quality—or how sensitive different microstructural reconstruc-

tion methods are to variation in quality. QSIPrep generated 40 

automated IQMs indexing diverse constructs, including head 

motion, SNR, and q-space properties. Additionally, we trained 

33 reviewers to rate a large subset of 3,101 images (see STAR 

Methods). From these ratings we used a multivariate classifier 

to predict a quality score across the entire cohort, which was 

analyzed alongside the other automated IQMs.

To quantify the influence of image quality, we evaluated asso-

ciations between each IQM and harmonized microstructural 

measures. For each bundle and microstructural metric, we fit 

GAMMs including age, sex, harmonization batch, and each 

IQM separately. Conditioning on batch allowed quality-related 

variance to be estimated independently of batch-driven differ-

ences. Quality effect sizes were defined as the ΔR 2 adj between 

the full model and a reduced model excluding the IQM predictor.

Across the five representative microstructural metrics and 

62 bundles, we identified the IQM with the largest effect size 

for each of the 310 bundle-metric combinations (Figure 6A; 

Figure S16). Preprocessed dMRI contrast (after B 1 bias correc-

tion) performed the best, accounting for the largest effect sizes 

in 128 combinations. In contrast, quality metrics such as mean 

framewise displacement and the quality classifier score rarely 

explained the greatest variance. Using preprocessed dMRI 

contrast as a representative IQM, FA was the most susceptible 

to quality variation (range of ΔR 2 adj across bundles: − 0.1% to 

13.8%; mean ΔR 2 adj = 5.3%). In contrast, ICVF was the most 

robust (range: − 0.1% to 2.7%; mean = 0.8%), being on average 

more than 6-fold less susceptible than FA (Figures 6B and 6C; 

Figure S16).

We further compared quality effect sizes of preprocessed 

dMRI contrast and mean manual rating within the subset of 

manually reviewed images. dMRI contrast and manual ratings 

were modestly related (r = 0.27, p < 0.001; Figure 6D). However, 

preprocessed dMRI contrast consistently showed larger quality 

effect sizes than manual ratings. Overall, dMRI contrast ex-

plained more microstructural variance than manual ratings 

in 266 of the 310 bundle-metric combinations (Figure 6E). 

Together, these findings indicate that dMRI contrast captures 

a substantial component of variability in data quality. Conversely, 

commonly used measures of quality such as head motion, NDC, 

and manual quality ratings showed markedly smaller effect 

sizes. Advanced microstructural metrics were more robust to 

variation in image quality than FA, further underscoring their suit-

ability for studies of brain development.

Commonly used IQMs vary by acquisition batch and 

attenuate developmental effect sizes

In developmental neuroimaging studies, IQMs are frequently 

included as covariates to mitigate spurious associations. How-

ever, age, image quality, and acquisition batch may be collinear 

in large multisite consortia such as ABCD. We have shown this is 

particularly true within GE scanners in ABCD (Figures 2E and 2F).

Figure 2. Automated IQMs are strongly structured by scanner 

vendor and software

(A) Shell-wise distributions of median CNR.

(B) Median temporal signal-to-noise ratio (tSNR) in the b = 0 shell.

(C and D) Neighboring dMRI correlation (NDC; left) and dMRI contrast (right) 

before and after preprocessing, including B 1 bias correction. The dotted line 

denotes the identity line; values above the line indicate improved quality 

following preprocessing.

(E) Distribution of ages included in each scanner software version. Boxes are 

colored by scanner vendor.

(F) Distribution of preprocessed NDC (left) and dMRI contrast (right) within GE 

software versions.
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We therefore examined whether variation in dMRI IQMs reflected 

participant characteristics or instead primarily captured acquisi-

tion-related differences.

Several IQMs, including mean framewise displacement (R 2 = 

11.1%), the quality classifier score trained on manual ratings 

(R 2 = 13.5%), and preprocessed NDC (R 2 = 28.0%), showed 

apparent associations with age (Figures 7A and 7B). However, 

variance decomposition analyses revealed that these age-

IQM relationships were predominantly explained by between-

batch differences rather than within-batch participant variation 

(≥82.2% of the age-IQM relationship explained by batch).

We next evaluated how including these IQMs as model cova-

riates influenced estimates of developmental effect sizes in white

matter microstructure. Bundle-wise FA age effect sizes were 

estimated in the harmonized data with and without each IQM 

included as a covariate. For all IQMs besides dMRI contrast, 

adding the metric systematically reduced age effect sizes across 

bundles (Figure 7C), consistent with attenuation of develop-

mental effect sizes due to the collinearity between age and 

acquisition batch. The magnitude of this attenuation varied 

across bundles, resulting in a loss of correspondence with devel-

opmental effect sizes when image quality was not included as a 

covariate (ρ = 0.78–0.89).

Notably, preprocessed dMRI contrast showed minimal as-

sociation with age or batch (age R 2 = 0.6%, and <0.01% of 

the age-IQM relationships explained by batch). As such,
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Figure 3. Harmonization reduces mean acquisition batch effects in white matter microstructure

(A) Tract plot and heatmap of batch effect sizes (ΔR 2 adj ) in unharmonized data. Rows and columns are ordered by their mean effects, and columns are grouped by 

bundle category. R/L denotes right- and left-lateralized bundles. The red rectangle highlights MKT in the superior cerebellar peduncle (SCP). Tracts are colored by 

MKT batch effect size, as indicated by a dotted rectangle in the heatmap.

(B) Mean batch effects across bundles for each microstructural metric. Colors denote different metrics; error bars indicate the standard error of the mean.

(C) Example developmental trajectories of MKT in the SCP before and after harmonization. Lines represent GAM-fitted mean trajectories of MKT as a function of 

age for each vendor; shaded regions denote 95% confidence intervals of the fitted mean.
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developmental effect sizes were nearly identical with or 

without a dMRI contrast covariate (ρ = 0.99). Together, these 

findings indicate that, in ABCD, many commonly used diffu-

sion IQMs may largely reflect scanner differences rather 

than participant-specific acquisition factors, such as head 

motion. In some settings, including such IQMs as model
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Figure 4. Advanced microstructural metrics are more sensitive to development

(A) Tract plot and heatmap of bundle-wise developmental effect sizes (ΔR 2 adj ). Rows and columns are ordered by mean effect size, and columns are grouped by 

bundle category. R/L denotes right- and left-lateralized bundles. The blue rectangle highlights the largest observed effect size (ICVF in the left superior longi-

tudinal fasciculus [SLF]). Tracts are colored by the ICVF age effect size, as indicated by a dotted rectangle in the heatmap.

(B) Age-related trajectory of ICVF in the left SLF from a GAM fit. The solid black curve shows the model expected ICVF value as a smooth function of age. The 95% 

confidence interval for the fitted mean trend is present but too narrow to be visible at this scale.

(C) Distribution of bundle-wise age effect sizes across microstructural metrics, ordered by decreasing mean effect size across bundles. Each point represents a 

bundle and is colored by bundle category. Black lines indicate the mean effect size across bundles for each metric.
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covariates can inadvertently distort biologically meaningful 

developmental signals.

DISCUSSION

Large-scale neuroimaging consortia such as ABCD provide un-

precedented opportunities to characterize white matter matura-

tion across adolescence. However, this scale also introduces 

important analytical challenges, including uncertainty in metric 

selection, scanner heterogeneity, and variation in image quality. 

Here, we addressed these challenges with three primary results. 

First, metrics from advanced diffusion models were substantially 

more sensitive to developmental processes than traditional 

tensor-derived metrics, converging on highly similar spatial pat-

terns of maturation. Advanced measures were also more robust

to image quality variation than typically used measures such as 

FA. Second, scanner-related variance was substantial and 

spatially structured; longitudinal harmonization not only reduced 

mean differences across acquisition environments but also 

improved the cross-vendor generalizability of developmental pat-

terns. Finally, across quality metrics, dMRI contrast captured the 

most variance in diffusion microstructure. Other commonly used 

quality metrics, such as head motion, contributed little explana-

tory value and in fact distorted estimates of developmental effect 

sizes when included as model covariates. Collectively, these 

findings demonstrate that practical methodological choices— 

including the selection of microstructural metrics, harmonization 

strategies, and image quality covariates—can markedly impact 

the sensitivity and generalizability of large-scale, multisite dMRI 

studies. To facilitate rigorous and reproducible developmental
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Figure 5. Developmental effect sizes generalize across vendors and microstructural measures after harmonization

(A) Cross-vendor correspondence (Spearman ρ) of bundle-wise age effect sizes in unharmonized and harmonized data. Colors denote microstructural metrics; 

line types indicate vendor pairs.

(B and C) Illustrative plots of the largest gain in cross-vendor correspondence. Unharmonized (left) and harmonized (right) GE-Philips correspondence for MKT. 

Each point represents a bundle colored by bundle category. Solid lines show linear fits with 95% confidence intervals; dotted lines denote identity.

(D) Cross-metric correspondence of developmental effect sizes estimated from harmonized data. The strongest and weakest associations are outlined in blue. 

(E and F) Scatterplots illustrating the weakest (left) and strongest (right) cross-metric correspondences. Points represent bundles colored by category; solid lines 

show linear fits with 95% confidence intervals; dotted lines denote identity.
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Figure 6. The dMRI contrast IQM captured the most variance in dMRI microstructure

(A) IQM winner-take-all plot. Each bar represents the number of bundle-metric combinations for which an IQM explained the greatest variance (ΔR 2 adj ). Only IQMs 

with at least two instances are displayed. Bars are colored by IQM family.

(B) Illustrative plot of preprocessed dMRI contrast against FA in the right fornix. The red curve is the GAMM fit (adjusted for age, sex, and batch), with a shaded 

pointwise 95% confidence band.

(C) Tract plot and heatmap of bundle-wise quality effect sizes for preprocessed dMRI contrast across microstructural metrics. Rows are ordered by mean quality 

effect size across IQMs; columns are ordered by mean effect size and grouped by bundle category. R/L denotes right- and left-lateralized bundles. The red 

rectangle highlights the largest observed quality effect size (FA in the right fornix). Tracts are colored by the FA quality effect size, as indicated by a dotted 

rectangle in the heatmap.

(legend continued on next page)
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neuroimaging, we release fully processed, analysis-ready deriva-

tives through the ABCC.

Historically, dMRI studies of childhood and adolescent devel-

opment have largely focused on tensor-derived metrics such 

as FA and MD, often using atlas-based analyses that obscure 

individual anatomical variability. 30 In contrast, we analyzed 33 

harmonized microstructural metrics mapped to person-specific 

white matter tracts. We found that dMRI metrics from advanced 

models—particularly ICVF, MKT, and RTOP—were on average 

4- to 5-fold more sensitive to developmental processes than 

FA. The spatial distribution of developmental effects was also 

broadly consistent with prior developmental literature, with 

stronger maturation observed in long-range association path-

ways than in many projection pathways, in keeping with the 

protracted maturation of higher-order white matter sys-

tems. 5,28,29,44–46 Importantly, these advanced measures not 

only exhibited larger age-related effect sizes but also converged 

on highly similar spatial patterns of maturation across white 

matter bundles. These metrics arise from distinct mathematical 

models and have different biological interpretations. For 

example, ICVF estimates the intracellular neurite volume frac-

tion, RTOP reflects restricted diffusion, and MKT quantifies de-

partures from Gaussian diffusion. 30,47–49 However, these mea-

sures likely show converging developmental patterns because 

they share sensitivity to restricted, non-Gaussian diffusion pat-

terns that may not be reliably captured by tensor-based ap-

proaches. 50 Tensor modeling may be affected by multiple 

(potentially competing) mechanisms of white matter develop-

ment. 30 Correspondingly, tensor-derived measures showed 

weaker developmental effects that had different spatiotemporal 

patterns than the more advanced metrics. These findings high-

light the value of collecting high-quality multi-shell dMRI data 

and fully exploiting the rich modeling framework it enables. 

These results also align with prior literature demonstrating 

heightened age sensitivity of advanced metrics among in-

fants, 42,48,51 adolescents, 23,52 and adults. 53,54 For studies 

limited to diffusion tensor modeling (for example, single-shell 

dMRI), our results further suggest that MD—rather than FA— 

provides greater sensitivity to developmental change and 

greater robustness to variation in image quality. This observa-

tion is consistent with smaller prior studies of adolescent devel-

opment. 30 However, developmental patterns estimated from 

tensor metrics should not be assumed to directly recapitulate 

those derived from advanced multi-shell diffusion models, and 

vice versa.

Technical variation across scanning environments can intro-

duce substantial heterogeneity in dMRI data. We found that 

Siemens scanners generally produced higher-quality dMRI im-

ages, as indexed by metrics including CNRs and dMRI-specific 

measures of q-space consistency (NDC and dMRI contrast). 

Although our analyses were not designed to identify the causes 

of these vendor differences, several hardware and sequence im-

plementation factors likely contribute, including differences in 

head coil performance, gradient hardware, echo spacing, partial 

Fourier implementation, and simultaneous multislice reconstruc-

tion. Because these factors differ across vendor platforms and 

operate simultaneously, our data cannot attribute the observed 

differences to any individual hardware or software component. 

Notably, our findings are consistent with a recent longitudinal 

reliability study of the ABCD cohort that likewise reported higher 

structural and dMRI reliability for Siemens scanners than for GE 

or Philips systems, suggesting that these vendor differences are 

robust across multiple imaging measures. 55

Given the differences in MRI outputs across diverse scanning 

environments, the utility of large multisite consortia such as 

ABCD therefore critically depends on the ability to harmonize 

data. Without effective harmonization, acquisition-related vari-

ability can dwarf more subtle biological signals of interest. 26 

Here, we applied an advanced statistical harmonization 

approach—longitudinal ComBat-GAMM—that explicitly pre-

serves participant-specific effects and nonlinear developmental 

trajectories. This approach substantially mitigated scanner-

related differences in dMRI microstructural measures and 

increased the cross-vendor generalizability of bundle-wise 

developmental effects. These findings indicate that scanner-

related biases are not uniformly distributed across the brain but 

instead exhibit spatial structure that can systematically distort 

developmental patterns. Accordingly, harmonization should be 

considered even when analyses are performed within, rather 

than pooled across, scanner vendors—such as when findings 

identified within a single scanner vendor are tested for generaliz-

ability in data acquired on a different vendor. Notably, harmoniza-

tion also modestly attenuated developmental effect sizes. This 

likely reflects the partial alignment between acquisition batch 

and participant age in ABCD, as scanner software versions 

changed over the course of the study. Consequently, no statisti-

cal harmonization approach can completely disentangle tech-

nical and biological sources of variation in this dataset. Neverthe-

less, the increased consistency of developmental patterns 

across scanner vendors suggests that harmonization preferen-

tially reduced unwanted scanner-related variance rather than 

meaningful biological differences.

Our results extend prior work demonstrating that harmoniza-

tion of ABCD dMRI data improves tractography reconstruction 

success and aligns bundle-wise microstructural measures 

across sites. 27 However, previous efforts focused on cross-

sectional baseline data, excluded Philips acquisitions because 

of artifacts, and applied harmonization to the raw diffusion 

signal. In contrast, our study incorporated longitudinal data, 

included all scanner vendors, and applied harmonization 

directly to postprocessed bundle-wise features. Although 

harmonizing the raw diffusion signal may remove scanner ef-

fects before model fitting, nonlinear preprocessing and recon-

struction algorithms can alter or reintroduce batch effects in

(D) Scatterplot showing the relationship between the average manual rating and preprocessed dMRI contrast among the subset of images that were manually 

reviewed. Each color represents a different scanner vendor.

(E) Differences in quality effect size between dMRI contrast and mean manual rating among the subset of manually reviewed images. A positive value reflects a 

higher-quality effect size for dMRI contrast compared with the effect size of the mean manual rating. Dots are colored by bundle category. Black lines represent 

the mean difference in quality effect sizes across bundles within the microstructural metric.
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derived microstructural measures. Harmonizing the features to 

be used in hypothesis testing therefore ensures that scanner ef-

fects are minimized. In addition, this feature-level approach 

substantially reduces computational burden, can be readily 

applied to existing processed datasets, and facilitates study-

specific harmonization without requiring the complete reproc-

essing of the diffusion data.

In developmental neuroimaging studies, IQMs are commonly 

included as covariates under the assumption that data quality 

both influences derived microstructural measures and varies 

systematically with participant age. 56,57 Our findings complicate 

this assumption in several important ways. First, metrics from 

advanced diffusion models showed relatively weak associations 

with image quality compared with FA, suggesting that these 

measures may require little or no explicit quality covariate adjust-

ment in studies of developmental change. Second, the quality 

metric that most strongly tracked microstructural variation— 

dMRI contrast—showed minimal association with age. Individ-

ual differences in dMRI contrast likely reflect the consistency 

of the diffusion signal across q-space, arising from factors 

such as residual noise, large motion spikes, and scanner-related 

factors. In contrast, mean framewise displacement, which re-

mains the most ubiquitous quality covariate, decreased with 

age but exhibited little relationship with diffusion microstructure. 

These findings align with and extend recent work demonstrating 

that modern preprocessing pipelines substantially mitigate 

the influence of motion on tensor-derived metrics across the life-

span. 58 Manual image assessment is often considered the gold 

standard for neuroimaging quality control, but it can be difficult 

to implement at the scale of ABCD. In our analyses, manually
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(A) Bar plots showing the age-to-IQM model R 2 (left) and the percentage of the age-IQM relationship explained by acquisition batch (right). Percent mediation was 

estimated using variance decomposition comparing models with and without batch terms.

(B) Generalized additive model (GAM) plots illustrating the relationship between age and each IQM. Each point represents a scan and is colored by the scanner 

software version. Black curves indicate the fitted GAM with 95% confidence intervals. Horizontal colored lines indicate the median IQM value for each software 

version.

(C) Comparison of bundle-wise FA age effect sizes (ΔR 2 adj ) estimated without (x axis) and with (y axis) the inclusion of each IQM as a covariate. Points represent 

white matter bundles colored by their bundle category. The dashed line indicates the identity line (no change in estimated age effect size). Gray shading highlights 

regions where inclusion of the IQM reduces estimated developmental effect sizes. Spearman correlations (ρ) quantify the similarity of spatial developmental 

patterns across bundles.
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derived quality ratings explained relatively little variation in diffu-

sion microstructure relative to the variation explained by dMRI 

contrast. The dMRI contrast reflects nuanced q-space proper-

ties of the diffusion signal that are not readily apparent through 

visual inspection. As a result, automated measures such as 

dMRI contrast may provide a principled and scalable proxy for 

assessing diffusion signal quality in large datasets.

Importantly, our findings suggest that, in ABCD, apparent 

relationships between many IQMs and age primarily reflect 

acquisition-related variation rather than participant-specific 

acquisition factors. Scanner upgrades and software version 

changes occurred over the course of the study, resulting in 

partial alignment between participant age and scanning environ-

ment. Several common dMRI quality metrics showed associa-

tions with age that were predominantly explained by differences 

across, rather than within, acquisition batches. Notably, this 

pattern extended to head motion. Head motion, which is typi-

cally considered a participant-driven source of variation, was 

largely structured by acquisition batch in ABCD. Including these 

batch-structured metrics as covariates distorted estimates of 

developmental effects, likely due to collinearity between partici-

pant age and acquisition batch. These results suggest that the 

routine inclusion of commonly used quality covariates may not 

be necessary for studies of development and, in some cases, 

may even distort developmental inference. This consideration 

is especially relevant in GE scanners—which exhibited strong 

collinearity among age, image quality, and acquisition batch— 

and for FA—which showed stronger associations with image 

quality than metrics from advanced models. dMRI contrast 

may capture meaningful noise-related variation in FA, but the 

minimal association between dMRI contrast and age suggests 

that including such covariates is unlikely to meaningfully alter 

developmental inferences.

Our study should be interpreted in the context of several lim-

itations. First, several commonly used dMRI derivatives are not 

currently produced as part of the ABCC pipeline. In particular, 

we did not include whole-brain interregional tractography, as 

such approaches are known to be prone to false-positive con-

nections 59 and impose substantial computational and storage 

demands at the scale of ABCD. Additionally, QSIRecon does 

not yet support restriction spectrum imaging (RSI) reconstruc-

tion, 60 precluding direct comparison with the RSI data in the offi-

cial ABCD dMRI release. However, alternative postprocessing 

workflows can be applied directly to the distributed QSIPrep-

preprocessed images, enabling future extensions of this work. 

Second, because optimal harmonization strategies may vary 

depending on the specific scientific question, we do not 

distribute harmonized values directly. Instead, we provide 

well-documented open-source code to reproduce all harmoni-

zation procedures, with the intention that these methods can 

be adapted to study-specific needs. Third, although longitudinal 

harmonization substantially reduced scanner-related variance, 

the acquisition batch in ABCD is partially aligned with partici-

pant age due to the longitudinal study design. As a result, scan-

ner effects and developmental effects cannot be completely 

disentangled. Finally, some of our findings regarding image 

quality covariates may be specific to large longitudinal multisite 

studies such as ABCD. Accordingly, the relationships among

IQMs, diffusion measures, and phenotypes of interest should 

be evaluated within each dataset to guide principled selection 

of quality covariates.

Pre- and postprocessed dMRI data from ABCC are publicly 

available through release 3.1.0 via the NIH Brain Development 

Cohorts (NBDC) Data Hub to researchers with a valid Data 

Use Certification, and future releases will incorporate additional 

data as they are collected. Beyond the analyses presented 

here, our data resource provides many additional deriva-

tives—such as measures of bundle macrostructure and volu-

metric microstructural maps—that support a wide range of 

future investigations. The end-to-end image-processing frame-

work used here is built on widely used open-source software 

applicable to any BIDS-formatted dataset. As of March 2026, 

QSIPrep and QSIRecon have collectively been downloaded 

more than 58,000 times and successfully executed over 

727,000 times. These tools are also the default dMRI process-

ing pipelines for the Healthy Brain and Child Development 

(HBCD) study. 42,61 This broad compatibility will facilitate 

combining ABCD data with other cohorts using consistent pro-

cessing and harmonization strategies, enabling larger and more 

diverse samples for studying white matter across the lifespan. 

Moving forward, ABCC will accelerate efforts to understand 

the developing brain and variation related to cognition, environ-

ment, and psychopathology.
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Zhong, J., Chamberland, M., Yeh, F.-C., Lin, Y.-C., Ji, Q., et al. (2017). 

The challenge of mapping the human connectome based on diffusion 

tractography. Nat. Commun. 8, 1349. https://doi.org/10.1038/s41467-

017-01285-x.

60. White, N.S., Leergaard, T.B., D’Arceuil, H., Bjaalie, J.G., and Dale, A.M. 

(2013). Probing tissue microstructure with restriction spectrum imaging: 

Histological and theoretical validation. Hum. Brain Mapp. 34, 327–346. 

https://doi.org/10.1002/hbm.21454.

61. Nelson, C.A., Frankeberger, J., and Chambers, C.D. (2024). An introduc-

tion to the HEALthy Brain and Child Development Study (HBCD) study. 

Dev. Cogn. Neurosci. 69, 101441. https://doi.org/10.1016/j.dcn.2024. 

101441.

62. Merkel, D. (2014). Docker: lightweight linux containers for consistent 

development and deployment. Linux J. 2014, 2.

63. Kurtzer, G.M., Sochat, V., and Bauer, M.W. (2017). Singularity: Scientific 

containers for mobility of compute. PLoS One 12, e0177459. https://doi. 

org/10.1371/journal.pone.0177459.

64. Fischl, B. (2012). FreeSurfer. NeuroImage 62, 774–781. https://doi.org/ 

10.1016/j.neuroimage.2012.01.021.

65. Garyfallidis, E., Brett, M., Amirbekian, B., Rokem, A., van der Walt, S., 

Descoteaux, M., and Nimmo-Smith, I.; Dipy Contributors (2014). Dipy, 

a library for the analysis of diffusion MRI data. Front. Neuroinform. 8. 

https://doi.org/10.3389/fninf.2014.00008.

ll
NeuroResource

16 Neuron 115, 1–18, March 17, 2027

Please cite this article in press as: Meisler et al., Highly replicable multisite patterns of adolescent white matter maturation, Neuron (2026), https:// 
doi.org/10.1016/j.neuron.2026.09.021

https://doi.org/10.5281/zenodo.15213612
https://doi.org/10.5281/zenodo.15213612
https://doi.org/10.1038/sdata.2016.44
https://doi.org/10.1038/sdata.2016.44
https://doi.org/10.1371/journal.pcbi.1005209
https://doi.org/10.1162/imag_a_00103
https://doi.org/10.1038/s41562-023-01647-0
https://doi.org/10.1038/s41562-023-01647-0
https://doi.org/10.1101/2025.11.10.687672
https://doi.org/10.1101/2025.11.10.687672
https://doi.org/10.1016/j.neuroimage.2020.117129
https://doi.org/10.1016/j.neuroimage.2020.117129
https://doi.org/10.1162/imag_a_00050
https://doi.org/10.1038/s41586-026-10454-2
https://doi.org/10.1038/s41586-026-10454-2
https://doi.org/10.1038/s41562-026-02559-5
https://doi.org/10.1038/s41562-026-02559-5
https://doi.org/10.1162/imag_a_00368
https://doi.org/10.1162/imag_a_00368
https://doi.org/10.3389/fnhum.2021.616132
https://doi.org/10.3389/fnhum.2021.616132
https://doi.org/10.1016/j.neuroimage.2015.09.028
https://doi.org/10.1016/j.neuroimage.2015.09.028
https://doi.org/10.1038/s42003-025-08523-9
https://doi.org/10.1038/s42003-025-08523-9
https://doi.org/10.3174/ajnr.A3764
https://doi.org/10.1016/j.neuroimage.2017.01.023
https://doi.org/10.1016/j.neuroimage.2017.01.023
https://doi.org/10.1016/j.neurobiolaging.2022.03.008
https://doi.org/10.1016/j.neurobiolaging.2022.03.008
https://doi.org/10.1016/j.neurobiolaging.2022.12.016
https://doi.org/10.1016/j.neurobiolaging.2022.12.016
https://doi.org/10.1002/hbm.70070
https://doi.org/10.1016/j.neuroimage.2013.11.027
https://doi.org/10.1016/j.neuroimage.2013.11.027
https://doi.org/10.1016/j.neuroimage.2018.02.041
https://doi.org/10.1016/j.neuroimage.2018.02.041
https://doi.org/10.1002/hbm.70143
https://doi.org/10.1038/s41467-017-01285-x
https://doi.org/10.1038/s41467-017-01285-x
https://doi.org/10.1002/hbm.21454
https://doi.org/10.1016/j.dcn.2024.101441
https://doi.org/10.1016/j.dcn.2024.101441
http://refhub.elsevier.com/S0896-6273(26)00731-2/sref62
http://refhub.elsevier.com/S0896-6273(26)00731-2/sref62
https://doi.org/10.1371/journal.pone.0177459
https://doi.org/10.1371/journal.pone.0177459
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.1016/j.neuroimage.2012.01.021
https://doi.org/10.3389/fninf.2014.00008


66. Irfanoglu, M.O., Nayak, A., Taylor, P., Thai, A., and Pierpaoli, C. (2025). 

TORTOISEV4: Reimagining the NIH diffusion MRI processing pipeline. 

Imaging Neurosci. 3, IMAG.a.948. https://doi.org/10.1162/IMAG.a.948.

67. Tournier, J.-D., Smith, R., Raffelt, D., Tabbara, R., Dhollander, T., 

Pietsch, M., Christiaens, D., Jeurissen, B., Yeh, C.-H., and Connelly, A. 

(2019). MRtrix3: A fast, flexible and open software framework for medical 

image processing and visualisation. NeuroImage 202, 116137. https:// 

doi.org/10.1016/j.neuroimage.2019.116137.

68. Yeh, F.-C. (2025). DSI Studio: an integrated tractography platform and fi-

ber data hub for accelerating brain research. Nat. Methods 22, 1617– 

1619. https://doi.org/10.1038/s41592-025-02762-8.

69. Tustison, N.J., Cook, P.A., Holbrook, A.J., Johnson, H.J., Muschelli, J., 

Devenyi, G.A., Duda, J.T., Das, S.R., Cullen, N.C., and Gillen, D.L. 

(2021). The ANTsX ecosystem for quantitative biological and medical im-

aging. Sci. Rep. 11, 9068.

70. Garavan, H., Bartsch, H., Conway, K., Decastro, A., Goldstein, R.Z., 

Heeringa, S., Jernigan, T., Potter, A., Thompson, W., and Zahs, D. 

(2018). Recruiting the ABCD sample: Design considerations and proced-

ures. Dev. Cogn. Neurosci. 32, 16–22. https://doi.org/10.1016/j.dcn. 

2018.04.004.

71. Hagler, D.J., Hatton, S.N., Cornejo, M.D., Makowski, C., Fair, D.A., Dick, 

A.S., Sutherland, M.T., Casey, B.J., Barch, D.M., Harms, M.P., et al. 

(2019). Image processing and analysis methods for the Adolescent 

Brain Cognitive Development Study. NeuroImage 202, 116091. https:// 

doi.org/10.1016/j.neuroimage.2019.116091.

72. Tisdall, M.D., Reuter, M., Qureshi, A., Buckner, R.L., Fischl, B., and van 

der Kouwe, A.J.W. (2016). Prospective motion correction with volumetric 

navigators (vNavs) reduces the bias and variance in brain morphometry 

induced by subject motion. NeuroImage 127, 11–22. https://doi.org/10. 

1016/j.neuroimage.2015.11.054.

73. Gorgolewski, K., Burns, C.D., Madison, C., Clark, D., Halchenko, Y.O., 

Waskom, M.L., and Ghosh, S.S. (2011). Nipype: A Flexible, Lightweight 

and Extensible Neuroimaging Data Processing Framework in Python. 

Front. Neuroinform. 5, 13. https://doi.org/10.3389/fninf.2011.00013.

74. Gorgolewski, K.J., Esteban, O., Markiewicz, C.J., Ziegler, E., Ellis, D.G., 

Notter, M.P., Jarecka, D., Johnson, H., Burns, C., and Manhã es-Savio, A. 
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

A full description of the recruitment procedures, priorities, and inclusion criteria for the Adolescent Brain Cognitive Development 

(ABCD) Study has been previously reported. 70 Participants were initially recruited between the ages of 8 and 10 years and were 

invited to return for MRI assessments every two years. ABCD Release 6.0 and ABCC Release 3.1.0 include participants scanned 

at up to four time points, corresponding to the six-year follow-up visit at ages 15–17. All participants provided informed assent, 

and parents or legal guardians provided written informed consent. Study procedures at most sites were approved by a central Insti-

tutional Review Board at the University of California, San Diego; several sites obtained approval from local institutional review boards. 

After applying all inclusion criteria (see inclusion and quality control), the final analysis sample consisted of 24,178 diffusion MRI 

scans from 10,738 participants (Table 1). Specifically, 2,892 participants contributed one scan, whereas 3,540, 3,018, and 1,288 par-

ticipants contributed two, three, and four scans, respectively. The ABCC 3.1.0 release includes additional datasets that did not meet 

the inclusion criteria for the present analyses, as well as other modalities of data. 25 Future ABCC releases will incorporate additional 

ABCD data as they are acquired and processed.

METHOD DETAILS

Neuroimaging acquisition and curation

Extensive details of the ABCD neuroimaging acquisition protocols have been previously described. 6,71 Data were collected across 21 

sites in the United States using seven scanner models from three vendors (Siemens Healthineers: Prisma and Prisma Fit; GE Health-

care: Discovery MR750, SIGNA UHP, and SIGNA Premier; Philips: Achieva dStream and Ingenia; Table S3). At each study visit, 

participants underwent T 1 -weighted (T 1 w) structural imaging, diffusion MRI (dMRI), and reverse phase-encoded B 0 field map acqui-

sitions, among other imaging modalities. T 1 w images were acquired at 1 mm isotropic resolution with volumetric navigator (vNav) 

prospective motion correction. 72 Multi-shell dMRI scans were collected at 1.7 mm isotropic resolution with seven b = 0 s/mm 2 vol-

umes and 96 directions across four b-values (6 directions with b = 500 s/mm 2 , 15 directions with b = 1,000 s/mm 2 , 15 directions with 

b = 2,000 s/mm 2 , and 60 directions with b = 3,000 s/mm 2 ). For participants scanned on Philips systems, dMRI data were acquired as 

two separate scans (Scan 1: 3 b = 0 s/mm 2 volumes, 4 directions with b = 500 s/mm 2 , 7 directions with b = 1000 s/mm 2 , 8 directions 

with b = 2000 s/mm 2 and 29 directions with b = 3000 s/mm 2 . Scan 2: 4 b = 0 s/mm 2 volumes, 2 directions with b = 500 s/mm 2 , 8 

directions with b = 1000 s/mm 2 , 7 directions with b = 2000 s/mm 2 and 30 directions with b = 3000 s/mm 2 ). The reverse phase-en-

coded B 0 echo-planar imaging acquisition was obtained before the diffusion scans to enable correction of susceptibility-induced 

geometric distortions. Raw imaging data were curated to Brain Imaging Data Structure (BIDS) format 38,40 and were used for both 

the ABCC and official ABCD data releases.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Adolescent Brain Cognitive 

Development Study (ABCD)

NIH Brain Development Cohorts (NBDC) 

https://nbdc-datashare.lassoinformatics.com/

DOI: https://doi.org/10.82525/jy7n-g441

Software and algorithms

FreeSurfer Fischl 64 RRID: SCR_001847

QSIPrep Cieslak et al. 20 ; https://github.com/PennLINC/qsiprep DOI: https://doi.org/10.5281/zenodo.14187327

QSIRecon Cieslak et al. 20 ; https://github.com/PennLINC/qsirecon DOI: https://doi.org/10.5281/zenodo.14193615

ComBatFamily https://github.com/andy1764/ComBatFamily N/A

DIPY Garyfallidis et al. 65 ; https://github.com/dipy/dipy RRID: SCR_000029

TORTOISE Irfanoglu et al. 66 ; https://github.com/QMICodeBase/ 

TORTOISEV4

RRID: SCR_001645

MRtrix3 Tournier et al. 67 ; https://github.com/Mrtrix3/mrtrix3 RRID: SCR_024123

DSI Studio Yeh 68 ; https://github.com/frankyeh/DSI-Studio RRID: SCR_009557
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Neuroimaging processing

For ABCC, T 1 w, dMRI, and fieldmap images were preprocessed with the BIDS application 39 QSIPrep 20 version 0.21.4, which is 

based on Nipype version 1.8.6. 73,74 Data were postprocessed with QSIRecon 37 version 1.0.0rc2, which is based on Nipype version 

1.9.1. These containerized software environments ensure computational reproducibility. The following paragraphs contain partially-

edited text generated by QSIPrep and QSIRecon, which is distributed with a Creative Commons Zero (CC0) license with the 

expressed intention of being included in manuscripts.

Anatomical preprocessing

The T 1 w image was corrected for intensity non-uniformity using N4BiasFieldCorrection 75 from ANTs 69,76 version 2.4.3, and used as 

an anatomical reference throughout the workflow. The anatomical reference image was reoriented into anterior commissure-poste-

rior commissure (AC-PC) alignment via a rigid transformation extracted from a full affine registration to the MNI152NLin2009cAsym 

template. A full nonlinear registration to the template from the AC-PC space was estimated via symmetric nonlinear registration (SyN) 

using antsRegistration. Brain extraction was performed on the T 1 w image using SynthStrip, 77 and automated segmentation was per-

formed using SynthSeg 78,79 from FreeSurfer 64 version 7.3.1.

dMRI preprocessing

MP-PCA denoising as implemented in MRtrix3’s 67 dwidenoise 80 was applied with a 5-voxel window. After MP-PCA, Gibbs unringing 

was performed using TORTOISE’s 81 Gibbs. 82 Following unringing, the mean intensity of the dMRI series was adjusted so that the 

mean intensity of the b = 0 images matched across each separate dMRI scanning sequence. FSL’s 83 (version 6.0.8) eddy was 

used for head motion correction and eddy current correction. 84 eddy was configured with a q-space smoothing factor of 10, a total 

of 5 iterations, and 1000 voxels used to estimate hyperparameters. eddy’s outlier replacement was run. 85 FSL’s TOPUP 86 was used 

to estimate a susceptibility-induced off-resonance field based on the reverse phase-encoded B 0 reference image. The TOPUP-esti-

mated fieldmap was incorporated into the eddy current and head motion correction interpolation. Final interpolation was performed 

using the Jacobian modulation method. The dMRI time series was rigidly aligned to AC-PC orientation to match the T 1 w image, pre-

serving the original 1.7 mm isotropic voxel resolution. B 1 field inhomogeneity was then corrected using dwibiascorrect from MRtrix3 

with the N4 75 algorithm.

Automated image quality measures

A set of 40 automated image quality metrics (IQMs) were generated by QSIPrep (Table S1), as detailed below. Vendor-wise differ-

ences in IQMs were tested with Kruskal–Wallis tests and post hoc pairwise Wilcoxon rank sum tests. A quality classifier score was 

also calculated after training a multivariate model to predict expert manual ratings based on automated IQMs. Pre-to-post differ-

ences in IQMs were tested with paired Wilcoxon signed-rank tests. Correlations between IQMs are reported in Figure S17. 

Motion and registration

Seven IQMs were derived to index in-scanner motion and registration quality. The average and maximum framewise displacement 

values were recorded, following the definition described by Power and colleagues (2012). 87 Additionally, the largest values of trans-

lation and rotation were recorded, along with the maxima of their derivatives. To gauge T 1 w-to-dMRI co-registration quality, the dif-

ference in spatial overlap between the anatomical brain mask and the dMRI brain mask was calculated using the Dice coefficient. 

Contrast-to-noise ratio

The average, median, and standard deviation of the voxel-wise contrast-to-noise ratio was calculated within each of the four dMRI 

diffusion-weighted shells (i.e., excluding b = 0) after eddy current and motion correction, totaling 12 IQMs. Additionally, the average, 

median and standard deviation of the voxel-wise temporal signal to noise ratio (tSNR) of the b = 0 volumes was calculated. The voxel-

wise values are calculated as part of FSL’s eddy command within QSIPrep.

Fiber coherence

The fiber coherence and incoherence indices, as described in Schilling and colleagues (2019) 88 were calculated to measure fixel-by-

fixel connectivity and gauge the validity of the gradient table in the raw data and in the preprocessed dMRI after accounting for trans-

formations from motion correction and AC-PC alignment. 89 These two indices were derived from the raw signal, as well as prepro-

cessed image before and after B 1 bias correction, for a total of 6 IQMs.

dMRI signal similarity and dissimilarity

A total of 12 IQMs were generated to quantify expected dMRI signal similarity between adjacent slices and gradient directions, as well 

as expected dMRI signal dissimilarity between perpendicular gradient directions. First, the number of poor-quality slices was calcu-

lated for the raw data, as well as the preprocessed dMRI before and after B 1 bias correction for a total of three IQMs. A slice was 

considered low quality if the sum of its voxel-wise intensity differences from the immediately preceding and following slices exceeded 

twice the voxel-wise intensity difference between those two neighboring slices. Finally, the average neighboring dMRI correlations 

(NDC) 90 and dMRI contrasts were calculated. NDC for a given volume is quantified as the voxel-wise correlation between that volume 

and its nearest neighboring volume in q-space. The nearest neighbor was identified as the volume in the same b-shell with the closest 

angle. A value closer to 1 indicates a higher degree of expected signal similarity, denoting higher quality. dMRI contrast for a volume is 

quantified as NDC divided by the voxel-wise correlation between that volume and the volume with the most perpendicular direction in 

q-space. A higher dMRI contrast value indicates a higher degree of expected signal dissimilarity, denoting higher quality. These 

indices were derived on the raw and preprocessed dMRI series before and after B 1 bias correction. Additionally, NDC was calculated 

on both the entire 3D volume space and restricted to the brain mask; in total this yielded 9 IQMs.
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dMRI postprocessing

Several dMRI reconstruction models were run as part of QSIRecon, resulting in a broad set of derived microstructural maps (Figure 1; 

Table S2). All maps described below were produced in participant-specific dMRI space (AC-PC orientation), as well as in 

MNI152NLin2009cAsym space using nearest neighbor interpolation to facilitate mass univariate analyses. Nearest-neighbor interpo-

lation was used when warping scalar maps to standard space to avoid spatial smoothing artifacts (e.g., ringing in the corpus cal-

losum) introduced by higher-order interpolation during nonlinear transformations. 33 of these metric maps were evaluated in this 

study, and 5 are focused on in the main text. Postprocessing software bundled in QSIRecon included DIPY version 1.8.0, 65 

TORTOISE version 4 (5d0c688e), 66 DSI Studio version ‘‘Hou’’ (03476a67), 68 and AMICO version 2.0.3.

Diffusion tensor imaging and diffusion kurtosis imaging

The diffusion tensor imaging (DTI) model characterizes the 3D Gaussian diffusion process in each voxel by estimating a second-order 

tensor from the diffusion-weighted signal. The diffusion kurtosis imaging (DKI) model extends the tensor formulation by quantifying 

the degree to which water diffusion deviates from Gaussian behavior. This is achieved by additionally modeling a fourth-order kur-

tosis tensor that captures microstructural complexity not represented by DTI. Estimates of DTI parameters from a DKI model may be 

more reliable than from a standalone DTI model. 91

In ABCC, the DTI model was fitted using three different software packages. The inner-shell tensor fit (b ≤ 1200 s/mm 2 ) was 

computed twice. DSI Studio used an ordinary least squares approach, while TORTOISE used a weighted linear least squares 92 

approach, in which the tensor parameter estimation is weighted in proportion to the estimated CNR. Additionally, a DKI fit was 

run with DIPY using the full dMRI data, producing both DKI and DTI derivatives. The parametric microstructural maps output by 

each software varied (Figure 1; Table S2), but the total set of DTI maps we analyzed included fractional anisotropy (FA), mean diffu-

sivity (MD), axial diffusivity (AD), average radial diffusivity (RD), individual radial diffusivity components (RD1 and RD2), and lattice 

index (LI). DKI maps included kurtosis fractional anisotropy (KFA), mean kurtosis (MK), mean kurtosis tensor (MKT), axial kurtosis 

(AK), and radial kurtosis (RK). Other derived DTI maps, such as the average b = 0 amplitude (AM) and individual tensor components 

(e.g., T XX ) are included in the data release but are not considered microstructural indices. These auxiliary metrics were not considered 

in the present analyses. A comparison of FA and MD results across the three tensor-fitting workflows is provided in Figure S18. 

Generalized q-sampling imaging

Generalized q–sampling imaging (GQI) is a model-free reconstruction approach that estimates the diffusion orientation distribution 

function (ODF) directly from the q-space signal without assuming Gaussian diffusion or fitting a tensor model. 93 By leveraging the 

Fourier relationship between the diffusion signal and the spin displacement distribution, GQI recovers high-angular resolution 

ODFs that capture complex fiber configurations—including crossing, fanning, and branching—that are not resolvable with traditional 

tensor-based methods. These ODFs were used to derive quantitative indices such as quantitative anisotropy (QA), generalized frac-

tional anisotropy (GFA), and isotropic diffusion (ISO). The helix angle (HA) was also calculated but is not analyzed in this study. In 

QSIRecon, GQI modeling is performed by DSI Studio.

Mean apparent propagator MRI

Mean apparent propagator MRI (MAP-MRI) 32 models the full three-dimensional probability distribution of water molecule displace-

ments, named the ensemble average propagator (EAP). MAP-MRI does not impose Gaussian assumptions and instead captures 

parametric features of the propagator, enabling sensitive characterization of microstructural complexity, directional dependence, 

and restrictions to diffusion. The method yields a suite of microstructural maps derived from the EAP that reflect different aspects 

of tissue organization and diffusion. MAP-MRI was run with TORTOISE and produced microstructural maps including non-Gaussian-

ity (NG), its directional components parallel and perpendicular to the principal diffusion axis (NG‖ and NG⊥), propagator anisotropy 

(PA), the angular distance between the estimated EAP and an isotropic EAP (PA θ ), as well as maps of return-to-origin (RTOP), return-

to-axis (RTAP), and return-to-plane (RTPP) probabilities.

Neurite orientation dispersion and density imaging

Neurite Orientation Dispersion and Density Imaging (NODDI) 31 is a biophysical model that characterizes microstructural features of 

brain tissue by estimating the relative contributions of intra-neurite, extra-neurite, and isotropic (CSF-like) compartments. The model 

provides indices such as intracellular volume fraction (ICVF, synonymous with neurite density index or NDI), orientation dispersion 

index (ODI), and isotropic volume fraction (ISO), which reflect neurite density, angular dispersion, and free-water content, respec-

tively. We used the Accelerated Microstructure Imaging via Convex Optimization (AMICO) 94 framework to fit NODDI with fixed par-

allel intrinsic and isotropic diffusivities of 0.0011 and 0.003 mm 2 /s, respectively. 95

Tractography and tractometry

A set of 67 white matter bundles across the brain were segmented for each dMRI image using DSI Studio’s AutoTrack 96 (Figure S1).

These bundles span several major anatomical categories, including association, projection, commissural, cerebellar, and brainstem 

pathways. This pipeline uses quantitative anisotropy and isotropic diffusion maps (both derived from GQI) to inform a non-linear 

registration from MNI152NLin2009aAsym space to participant-space. Bundle priors were based on a population-average white mat-

ter atlas. 97 For each bundle, deterministic tractography seeds were placed around the atlas-defined bundle region mapped to sub-

ject-space and propagated until they terminated. Streamline propagation was based on fiber orientation distribution functions 

(FODFs) derived from multi-shell multi-tissue constrained spherical deconvolution (MSMT-CSD), 98 as implemented in MRtrix3. 

The spherical harmonics from the MRtrix3 FODFs were resampled to the default direction set used by DSI Studio for cross-software 

compatibility. Bundle-wise averages and medians for every metric map produced by QSIRecon were calculated. For this study, we
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focused on the bundle-wise median values. Additionally, bundle-wise macrostructural shape metrics, 96 such as volume and surface 

area, were calculated. These bundle-wise summary measures were saved as tabular data.

Manual quality rating

We trained reviewers to manually rate the quality of a subset of 3,101 ABCC preprocessed dMRI images. We used these manual 

ratings to train a classifier to predict quality ratings across the entire dataset. To ensure consistency, all raters completed standard-

ized training. This involved engaging with reading materials and demonstration videos highlighting common artifacts. Reviewers also 

completed a pre-rating quiz, in which they were asked to all rate the same 10 images. Although there is no ground truth, an answer 

key (written by authors S.L.M. and M.C.) provided explanations for how expert reviewers would likely rate the images in the quiz set. 

The training materials may be found at https://osf.io/89uya/overview?view_only=2559ba4e71b54c07bff70aef302540d5. Each 

reviewer assigned every image an integer score from –2 (‘‘definitely fail’’) to +2 (‘‘definitely pass’’), with 0 indicating uncertainty. All 

assessments were made using the browser-based dmriprep-viewer interface, 21 which presents the full dMRI time series alongside 

framewise displacement and head-translation plots, slice-wise noise timeseries, registration overlays, and color-coded fractional 

anisotropy maps. In general, reviewers were instructed to focus on overall practical usability of the dMRI. In other words, a single 

noisy volume might be acceptable if the remainder of the series and fractional anisotropy map were clean. However, issues that 

were pervasive across the entire timeseries, such as poor brain masking, severe persistent motion corruption, or systemic noise, 

warranted a failure. While reviewers could assess visual depictions of motion via the interface, they were blinded to all other quan-

titative IQMs.

A total of 33 reviewers were employed to rate images. First, a team of 23 trained reviewers evaluated images acquired on Siemens 

scanners. During this stage, 1,771 Siemens dMRI images from the baseline session were randomly selected so that, across all com-

binations of the 23 reviewers, each image received exactly three independent ratings. Each reviewer rated 231 images equally distrib-

uted across 7 quality percentile bins (indexed by the unmasked processed NDC before B 1 bias correction), and each reviewer was 

paired with each other reviewer 21 times to gauge inter-rater reliability. In a separate stage, 21 raters (11 of these raters overlapped 

with the Siemens reviewers) reviewed a total of 1,330 dMRI images, with 665 images coming from each of the GE and Philips vendors 

across all timepoints. Each reviewer rated 190 images, with the GE-to-Philips split being roughly half, again divided across 7 quality 

percentile bins. Each image was rated by 3 reviewers, and raters were paired with one another 19 times to gauge inter-rater reliability. 

Inter-rater disagreement for a particular image and pair of reviewers was quantified as the absolute difference in rating scores 

(Figure S19A). Of the 3,101 scans, 2,829 were included in the total cohort analyzed in this study. However, all 3,101 scans were 

used to train the quality classifier.

Automated quality classification

We trained a regression-based machine-learning model to predict manual dMRI quality ratings from the 40 image quality metrics 

(IQMs) produced by QSIPrep. For each dMRI image, the means of the three independent manual ratings were used as the prediction 

targets. Following prior work on automated dMRI quality assessment by Richie-Halford, Cieslak, and colleagues, 21 we used an 

eXtreme Gradient Boosting (XGBoost) model 99 ; however, instead of predicting a binary pass/fail label, we implemented an 

XGBRegressor classifier to predict the continuous mean quality rating. This approach preserved the variability in image quality 

and yielded a continuous prediction metric that we used directly as a covariate in subsequent statistical analyses. Images from 

all scanner vendors were pooled for model training.

To evaluate model performance and mitigate overfitting, we used a nested 5×5-fold cross-validation framework. Both inner and 

outer folds were stratified to balance for scanner-vendor representation and the proportion of ratings above and below 0. Data in the 

inner folds were used to tune hyperparameters, which were optimized using a 5-fold cross validation Bayesian search procedure (200 

iterations). The model configuration yielding the lowest mean cross-validated root mean squared error (RMSE) across the inner folds 

was selected as the best-performing model and then evaluated on the held-out outer test fold. This entire process was repeated 

across 1,000 random seeds, yielding 1,000 predicted quality scores per rated image. To quantify the performance of the model, 

we ran a Pearson correlation between the average of the 3 manual ratings and the average of the 1,000 predicted quality scores 

(Figure S19B).

After cross-validation performance was established, a final model was retrained on all labeled data (i.e., images with manual quality 

ratings). Hyperparameters were similarly optimized using a Bayesian search with 200 iterations, and the best-performing model was 

retained. This final trained model was then applied to all unlabeled images in the dataset to generate predicted quality scores based 

on their QSIPrep-derived IQMs. To prevent overfitting, each labeled image was assigned a quality score equal to the average of the 

1,000 predictions during cross-validation. Feature importance for each IQM was assessed using SHapley Additive exPlanations 

(SHAP) values (Figure S19C).

QUANTIFICATION AND STATISTICAL ANALYSIS

Inclusion and quality control

Following previously described procedures, 71 a subset of ABCD images were manually reviewed by the ABCD Data Analysis, Infor-

matics & Resource Center. These initial quality assurance checks confirmed that each dMRI scan was complete and had an
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accompanying B 0 map for susceptibility distortion estimation. Scans were also flagged if derived dMRI maps (e.g., mean b = 0 image, 

FA, MD) exhibited artifacts. Any failing images were excluded before curation and processing and were not included in either the 

official ABCD or ABCC data releases.

ABCC release 3.1.0 includes 24,774 datasets from 10,844 participants with both QSIPrep and QSIRecon outputs on the NIH Brain 

Development Cohorts (NBDC) Data Hub. For this study, we applied additional quality assurance protocols. A set of five bundles, 

including the bilateral dentatorubrothalamic tracts, bilateral corticobulbar tracts, and the anterior commissure, had relatively high fail-

ure rates of between 257 and 1,055 instances each. We did not analyze these five bundles. Furthermore, datasets were excluded for 

any of the following reasons: (1) They were recommended for exclusion by the ABCD fast track quality control protocol (160 datasets 

excluded); (2) they had missing or invalid scanner data (50 datasets excluded); (3) reconstruction failed for any of the remaining 62 

bundles (300 datasets excluded); (4) they exhibited implausible tract geometry statistics (see below; 310 datasets flagged for exclu-

sion; 77 non-overlapping datasets with previous exclusion criteria); or (5) they belonged to a harmonization batch containing fewer 

than 15 images (see below; 9 datasets excluded). Our final sample consisted of 24,178 datasets from 10,738 participants with com-

plete imaging and phenotypic data.

To assess the anatomical plausibility of tractography generated by DSI Studio’s AutoTrack, we conducted a series of assessments 

based on expected geometric properties of bundle reconstructions. We focused on four white matter bundles that are consistently 

identifiable and informative about reconstruction quality: the corpus callosum (CC), bilateral arcuate fasciculus (AF), bilateral cortico-

spinal tract (CST), and bilateral inferior fronto-occipital fasciculus (IFOF). For each dataset, we first confirmed the presence of each 

bundle. Datasets in which any of these bundles were incomplete or had a total volume below 100 mm 3 were flagged, as such values 

are implausibly small. We then examined the following tract geometry metrics 96 that describe shape and consistency across hemi-

spheres: Streamline curl which reflects how much a tract bends or twists; the length ratio which indexes the symmetry of bundle 

length between left and right hemispheres; and the volume ratio which compares the total spatial extent of left and right bundle ho-

mologs. Based on anatomically motivated priors, extensive review of individual-level data, and empirical distributions, we defined 

conservative heuristics to identify suspect data: (1) The CC should have more curl than the CST and IFOF, which are both relatively 

straight bundles; (2) We also would expect bilateral bundle homologs to be nearly symmetrical. Passing datasets exhibited AF length 

ratios < 2, CST and IFOF length ratios < 1.25, and all volume ratios < 5. Datasets failing any of these criteria were marked for exclusion 

from all downstream analyses. In total, 310 datasets were flagged for exclusion by this process.

White matter feature harmonization

To correct for technical variation across scanning environments, we applied a harmonization procedure to the bundle-wise median 

values for each derived dMRI microstructural metric. We used longitudinal ComBat-GAMM, an extension of longComBat, 43 as im-

plemented in the R package ComBatFamily (https://github.com/Nhillman19/ComBatFamily commit f8f9f3d, based off of https:// 

github.com/andy1764/ComBatFamily version 0.2.1). We defined a harmonization batch as each unique scanner serial number 

and major software version combination with at least 15 images. This resulted in 60 unique batches (Table S3). During harmonization, 

we used generalized additive mixed models (GAMM) to remove the mean effect of batch while preserving the fixed effects of age and 

sex, including participant-specific random intercepts and age slopes to account for the longitudinal data structure. The age fixed 

effect was modeled as a penalized spline (maximum basis dimension k = 4). Harmonization for each microstructural metric was per-

formed jointly across all bundles to take advantage of the empirical Bayesian estimation of average batch differences.

Quantifying the effect of batch on dMRI microstructure

We quantified the variance attributable to harmonization batch before and after harmonization. For each bundle and microstructural 

metric, we fit generalized additive mixed models (GAMMs) relating the median bundle value to age, sex, and acquisition batch, with 

person-specific random intercepts and age slopes to account for the longitudinal data structure. Age was modeled as a penalized 

spline (maximum basis dimension k = 4). The batch effect size for each bundle–metric combination was defined as the change in 

adjusted R 2 (ΔR 2 adj ) between the GAM component of the full model and a reduced model excluding the batch term. This procedure 

was performed separately for unharmonized and harmonized data.

Developmental sensitivity of dMRI microstructure

We quantified developmental sensitivity of diffusion microstructural measures during childhood and adolescence. For each bundle 

and microstructural metric, we fit GAMMs relating the median bundle value to age while controlling for sex, with person-specific 

random intercepts and age slopes to account for the longitudinal data structure. Age was modeled as a penalized spline (maximum 

basis dimension k = 4). The age effect size for each bundle–metric combination was defined as the ΔR 2 adj between the GAM compo-

nent of the full model and a reduced model excluding the age term. Additional models were also fit including individual image quality 

metrics (IQMs) as covariates to evaluate how controlling for image quality influenced estimates of developmental effects.

To complement the bundle-wise analyses, we performed a mass univariate voxel-wise analysis of developmental effects across all 

white matter voxels. All analyses were conducted using the ModelArray framework (version 0.1.5), 100 which enables efficient paral-

lelized mass univariate modeling of large neuroimaging datasets. We analyzed the QSIRecon-derived microstructural maps in 

MNI152NLin2009cAsym standard space. As in the primary bundle-wise analyses, each microstructural map was harmonized using 

longitudinal ComBat-GAMM, preserving the fixed effects of age and sex while including participant-specific random intercepts and
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age slopes to account for the longitudinal data structure. The age effect was modeled as a penalized spline (maximum basis dimen-

sion k = 4). Following harmonization, generalized additive mixed models (GAMMs) were fit independently at each voxel for each 

microstructural metric, relating voxel values to age while controlling for sex and including participant-specific random intercepts 

and age slopes. Developmental sensitivity at each voxel was quantified as the change in adjusted R 2 (ΔR 2 adj ) between the full model 

and a reduced model excluding the age term.

Cross-vendor and cross-metric correspondence of developmental effects

We tested whether harmonization improved the spatial correspondence of developmental effects between scanner vendors. Within 

each scanner vendor, we fit GAMMs relating median bundle values to age and sex, with random effects for participants. For Philips 

scanners, too few participants (549 out of 1,259) had longitudinal data to reliably estimate random slopes, so models included only 

person-specific random intercepts. For Siemens and GE scanners, both random intercepts and age slopes were included. Age was 

modeled as a penalized spline (maximum basis dimension k = 4). For each vendor, microstructural metric, and bundle, we calculated 

the developmental age effect size as the ΔR 2 adj between the GAM component of the full model and a reduced model excluding the 

age term. For each metric and pair of vendors (Siemens–Philips, Siemens–GE, and GE–Philips), we then calculated Spearman rank 

correlations between the vendors’ vectors of bundle-wise age effect sizes. This procedure was performed separately on unharmon-

ized and harmonized data.

We also characterized the correspondence of developmental patterns across microstructural metrics. Using the age effect sizes 

estimated from the harmonized data pooled across vendors, we calculated Spearman rank correlations between each pair of met-

rics’ vectors of bundle-wise age effect sizes.

Sensitivity of dMRI microstructure to image quality

We evaluated the susceptibility of derived diffusion microstructural metrics to variation in image quality. For each bundle and micro-

structural metric, we fit GAMMs relating the harmonized median bundle value to each image quality metric (IQM), while controlling for 

age, sex, and harmonization batch, with person-specific random intercepts and age slopes to account for the longitudinal data struc-

ture. Conditioning on harmonization batch ensured that quality-related variance was estimated independently of acquisition-related 

differences across scanners and software versions. Age and the IQM were modeled as penalized splines (maximum basis dimension 

k = 4). Our analysis space included 33 QSIRecon-derived microstructural metrics as dependent variables and 41 image quality met-

rics as predictors, comprising the 40 automated IQMs generated by QSIPrep and the quality classifier score derived from manual 

ratings. For each model, we additionally fit a reduced model excluding the IQM term. The quality effect size for each bundle– 

metric combination was defined as the ΔR 2 adj between the GAM components of the full and reduced models.

For the subset of 2,829 manually rated images, we additionally calculated quality effect sizes for the mean manual rating and 

preprocessed dMRI contrast. Because the manually rated subset contained limited longitudinal observations, these analyses 

were performed using generalized additive models without random effects.

Variance decomposition of age–image quality relationships

To determine whether apparent age–IQM associations reflected biological developmental effects or instead arose from alignment 

between participant age and acquisition batch, we performed variance-decomposition analyses within a generalized additive 

modeling framework. For each IQM, we fit three models: (i) an age-only model (IQM ∼ s(age)), (ii) a batch-only model (IQM ∼ batch), 

and (iii) a combined model (IQM ∼ s(age) + batch). We quantified the proportion of age-related variance explained by batch 

by comparing the variance explained in the age-only model with the age-related variance retained after conditioning on batch 

(R 2 full − R 2 batch ). Finally, to assess the downstream impact of quality adjustment on developmental inference, we calculated 

Spearman rank correlations between bundle-wise age effect sizes estimated from models with versus without added image quality 

covariates.
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