
Sensitive periods for white matter plasticity and reading intervention 

Jason D. Yeatman*,1,2 and Elizabeth Huber1,2 

1Institute for Learning and Brain Sciences, University of Washington, Seattle WA 
2Department of Speech and Hearing Sciences, University of Washington, Seattle WA 

 

* Corresponding Author: 

Jason D. Yeatman, PhD 

Institute for Learning & Brain Sciences 

Portage Bay Building, Box 357988, University of Washington, Seattle, WA 98195, USA  

E-mail: jyeatman@uw.edu 

 

Abstract 
As a child matures, some brain circuits stabilize while others remain plastic. However, the literature on 
maturational changes in the brain’s capacity for experience-dependent plasticity is primarily based on 
experiments in animals that mature over dramatically different time-scales than humans. Moreover, while 
principles of plasticity for sensory and motor systems might be conserved across species, the myriad of 
late-developing and uniquely human cognitive functions such as literacy cannot be studied with animal 
models. Here we use an intensive reading intervention program, in combination with longitudinal 
diffusion MRI measurements in school-aged children with dyslexia, to investigate the sensitive period for 
white matter plasticity and literacy learning. We find that the intervention induces large-scale changes in 
white matter diffusion properties, and improvements in reading scores, but that the magnitude and time-
course of plasticity does not depend on the subject’s age. Thus, we conclude that, for the intensive, one-
on-one reading intervention program employed here, if a sensitive period exists, it does not end before 
middle school. 
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Introduction 
Younger brains are more plastic. That the brain’s capacity for plasticity diminishes with age is commonly 
held as an axiom of development and carries important implications for education and the treatment of 
developmental disorders. For example, developmental dyslexia is believed to be rooted in 
neuroanatomical differences within well-characterized brain circuits (Langer et al., 2015; Ozernov-Palchik 
and Gaab, 2016; Saygin et al., 2013; Vandermosten et al., 2015; Wandell and Yeatman, 2013; Yeatman et 
al., 2012a) and interventions intended to remediate these differences are presumed to be more effective 
in younger, compared to older, children (Gabrieli, 2009; Gabrieli et al., 2015). 

The theory that plasticity diminishes over development takes different forms, ranging from strict critical 
periods, which define windows of development during which specific experiences can shape the structure 
of a neural circuit (Hubel et al., 1977; Wiesel and Hubel, 1965, 1963), to sensitive periods, in which circuits 
exhibit varying degrees of plasticity and propensity for experience dependent change (Blakemore, 1988; 
Meltzoff et al., 2009). Many aspects of cognition may be subject to broad sensitive periods (e.g., pre-
puberty), during which large swaths of cortex remain malleable to environmental demands until rising 
hormone levels stabilize the relevant circuits (Piekarski et al., 2017a) (reviewed in (Piekarski et al., 2017b)). 
A wealth of research in model organisms, including mice and non-human primates, has identified cellular 
changes (e.g., the refinement of ocular dominance columns in primary visual cortex (Hubel et al., 1977; 
Katz and Shatz, 1996; Tagawa et al., 2005; Wandell and Smirnakis, 2009)) that only occur during isolated 
developmental windows, and mechanisms (e.g., perineuronal nets (Hensch, 2005; Werker and Hensch, 
2014)) that govern the transition from plasticity to stability for a circuit. A wealth of research in humans 
has identified aspects of learning (e.g., the sound inventory of language (Kuhl, 2004; Meltzoff et al., 2009)) 
that become more difficult with age. However, to our knowledge, there is no data directly linking changes 
in the human capacity for learning high-level cognitive functions to changes in the brain’s capacity for 
experience-dependent structural plasticity. While it is appealing to assume that the timing of 
critical/sensitive periods discovered in animal models might generalize to human, there are dramatic 
differences in the time-course of maturation across species. For example the myelination process is 
prolonged by more than a decade in humans compared to other primate species, even after adjusting for 
developmental milestones such as puberty (Miller et al., 2012). Therefore, plasticity in humans, 
particularly for the white matter, might not be subject to the same constraints as other species, 
highlighting the importance of understanding the principles governing plasticity in the human brain. 

Two principal challenges to studying experience-dependent plasticity in humans are, first, establishing an 
experimental paradigm that is appropriate for human research subjects and capable of inducing large-
scale structural changes in the brain and, second, developing non-invasive measurements that are 
sensitive to changes in cellular properties of human brain tissue. Our previous work demonstrated that 
combining an intensive reading intervention program with longitudinal diffusion-weighted magnetic 
resonance imaging (dMRI) measurements in children with dyslexia is a powerful paradigm for studying 
experience-dependent changes in the white matter (Huber et al., 2018).  In a sample of 24 children 
between 7 and 13 years of age, eight weeks of targeting training in reading skills caused large-scale 
changes in tissue properties for multiple anatomical tracts (Cohen’s d = 0.5-1.0 across different white 
matter tracts), that were coupled to large improvements in reading skills (Cohen’s d = 0.5-1.0 across 
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different reading tests). Here we capitalize on this paradigm, and a larger sample of subjects (N=34), to 
test the hypothesis that there is a sensitive period for this circuit and that the amount of intervention-
driven plasticity measured in the white matter depends on the age of the subject. Specifically, we consider 
three hypotheses: 

1. Younger subjects will show larger intervention-driven changes in diffusion properties compared 
to older subjects. The magnitude of change for each subject will be computed as (1) the difference 
between the pre- and post-intervention measurement sessions and (2) a linear fit summarizing 
the rate of change in diffusion properties as a function of intervention hours.  

2. Younger subjects will show more rapid changes compared to older subjects, irrespective of the 
absolute magnitude of change. The timescale of change for each subject will be computed as (1) 
the growth rate observed between the first 2 sessions and (2) the percentage of overall change 
that occurs within the first three weeks of the intervention. 

3. Alternatively, we may observe the same magnitude and time-course of experience-dependent 
white matter plasticity over this age range (7-13 years of age). Such a finding would imply that, 
for the training paradigm and age range studied here, age is not a major factor in determining a 
child’s response to intervention, and that the sensitive period for these white matter networks 
extends from early elementary-school into young adulthood. 

 

Methods 
Pre-registration 

Understanding maturational changes in plasticity that occur over the course of elementary school is an 
important scientific challenge with practical implications for education practice. Our previous work 
established an experimental paradigm (intensive, one-on-one reading intervention program) and 
measurement protocol (longitudinal diffusion MRI measurements) for quantifying experience-dependent 
plasticity in human white matter (Huber et al., 2018). A power analysis based on these data confirmed 
that we have the statistical power to detect meaningful maturational differences in experience-
dependent plasticity, if such differences exist (see Figure 1). However, if the data indicate that older 
(middle-school aged) children show the same large-scale changes in white matter as younger (1st and 2nd 
grade) children, it would revise our preconceived notions about brain maturation, plasticity, and learning 
in an academic setting. Therefore, the outcome of the proposed investigation will answer fundamental 
scientific questions irrespective of the results.  

We believe that pre-registration is important since our conclusions can depend on how we operationalize 
our hypotheses and process our data. Hypothesizing after knowing the results, or “HARKing”, has recently 
been highlighted as a major issue contributing to a publication bias in the biomedical and social sciences 
(Munafò et al., 2017). Munafo and colleagues maintain that practices such as HARKing are often 
subconscious and unintentional, reflecting well-known psychological biases that are difficult to avoid. 
Hence, in line with their perspective, we acknowledge the possibility that our approach to data analysis 
could change in a manner that is more likely to confirm a statistical relationship between age and 
plasticity, rather than a lack thereof. While registration prior to data collection is optimal, there are many 
cases (such as the present one) where it is not feasible. In our case, studying maturational changes in the 
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brain’s capacity for plasticity first required establishing the sensitivity of our measurement protocol, and 
determining the pattern of changes that are induced by the intervention. Our previous work optimized 
our analysis pipeline to reliably measure white matter plasticity in an individual and made pre-registration 
possible for the present study. Thus, the data acquisition and analysis methods are identical to those 
reported in (Huber et al., 2018) with the addition of 10 new intervention subjects that were run as a 
replication cohort. 

Our methodology for pre-registration was as follows. The complete introduction and methods section 
were written, and posted as a preprint on bioRxiv, before analyzing the data (June 13, 2018; 
https://www.biorxiv.org/content/early/2018/06/13/346759). The methodological details and statistical 
comparisons were designed based on our previous work (Huber et al., 2018), and the hypotheses were 
defined at the end of the introduction to avoid HARKING. The only changes to the introduction and 
methods between the pre-registration and the final version were: (1) new title, (2) minor edits to improve 
the flow of the paper, (3) clarifications of details based on feedback we received on the preprint, (4) the 
addition of the present paragraph describing our pre-registration methodology. To determine whether 
we had sufficient statistical power to detect age-dependent changes in plasticity we posited a model of 
sensitive periods and ran a simulation based on the data released in (Huber et al., 2018) (Figure 1; data 
and simulation code available at: https://github.com/yeatmanlab/plasticity). Since the current pre-
registration policies at most journals require registration before data collection starts, we were unable to 
formally pre-register this study with a journal. Thus, in order to obtain reviews of our methodology and 
reasoning before analyzing the age-dependence of our previously reported effects, we: (1) sent the link 
to the preprint to knowledgeable experts in the field to solicit feedback, and (2) posted the link on twitter 
to solicit anonymous reviews from the general public. We then revised the manuscript, completed all of 
our pre-defined analyses, and pursued additional post-hoc analyses where the results warranted 
additional exploration. Post-hoc analyses are noted as such in the Results section. 

Modeling sensitive periods and determining statistical power for planned analyses 

A sensitive (or critical) period is a window of development during which a circuit is particularly responsive 
to environmental inputs (Werker and Hensch, 2014). As the balance between excitatory and inhibitory 
signaling changes, the capacity for plasticity within a circuit increases, marking the onset of a sensitive 
period. The sensitive period remains open until molecular brakes close the window for plasticity. 
However, this developmental period need not have a strict boundary, and may instead gradually close, 
leading to diminished plasticity over a period of months or years. We therefore model this time-course as 
a Gaussian function where the mean of the Guassian (μ) marks the age (x) of peak plasticity, the height of 
the Gaussian (β) denotes the magnitude of plasticity that is possible, and the width of the Gaussian (σ) is 
used to estimate the window of development during which the sensitive period is open.  

𝛽𝑒#
(%#&)(
)*(  

If we assume that the sensitive period for literacy is near its peak at the beginning of elementary school 
when children begin formal reading instruction, then a narrow sensitive period (e.g., σ=1, black curve in 
Figure 1a) would imply that the window for plasticity in the reading circuitry is shut by 3rd or 4th grade, 
whereas a broad sensitive period (e.g.,  σ=6, red curve in Figure 1a) would imply that the circuit remains 
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plastic through young adulthood. Based on these hypothetical sensitive periods, ranging from σ=1 to σ=6, 
we simulate our precision for estimating model parameters (Figure 1b,c) and detecting a significant 
correlation between plasticity and age (Figure 1d, based on effects reported in ref (Huber et al., 2018)).  

Figure 1: Simulation of sensitive periods. (a) Sensitive periods are modeled as a Guassian function where the 
width of the Gaussian (sigma) defines the window of plasticity (see simulateAgeEffect.m). The light gray box 
denotes the age range of subjects in our study. Simulated data was generated from the Gaussian model by adding 
noise, where the amount of noise was calibrated based on the session-to-session variability of the measurements 
in the absence of intervention (estimated from data in control subjects). Six curves are illustrated for potential 
models ranging from sigma=1 to sigma=6 and the standard error of the model fit to the simulated data is 
illustrated for one curve (sigma=2). (b) The average error on the sigma parameter estimate is shown for different 
potential models given the signal to noise ratio of our data. The continuous line shows increments of 2.4 months. 
(c) Confidence intervals are displayed based on models with different sigma parameters. (d) Based on simulating 
data from different sensitive period models, we calculate the probability of detecting a significant correlation (p 
< 0.05) between plasticity and age. Simulation code is available at: https://github.com/yeatmanlab/plasticity 

Huber et al., (2018) reported the amount of change measured in the white matter over the course of a 
tightly controlled and intensive reading intervention program delivered to elementary school children 
with dyslexia. If we operationalize white matter plasticity as the magnitude of change in mean diffusivity 
(MD) measured over the course of the intervention program, then we can scale each curve such that the 
mean value over the measured age range (gray shading Figure 1a) is equal to the average MD change 
reported in the sample. The standard deviation of MD change measured in the control group (which did 
not undergo the intervention and did not, on average, show any change over the measurement period) is 
used as an estimate of noise. We then: (1) simulate 10,000 datasets coming from sensitive periods with 
different σ values ranging from 1 to 6, and add Gaussian noise to each simulated dataset based on the 
noise estimate in the control group, (2) fit the sensitive period model to each simulated dataset based on 
non-linear optimization, (3) calculate the Pearson correlation between age and MD change for each 
dataset and, (4) calculate the reliability of the fitted parameters and correlation coefficients. This 
simulation demonstrates that if the sensitive period for plasticity in the reading circuitry closes before 14 
years of age, then we would have a high likelihood of detecting a significant correlation (>90%) and would 
be able to accurately estimate parameters of the sensitive period model. If the sensitive period extends 
through adolescence, then the upper bound on our parameter estimates would be unreliable. For 
example, if the true sensitive period is σ=5, meaning that the window for plasticity closes around 17 years 
of age, then we would still be able to infer that the sensitive period is open through elementary school 
(lower bound on confidence interval), but could not reliably infer the upper bound. In this case, we would 
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also not have sufficient statistical power to detect a significant correlation (power = 0.7 at a = 0.05 for 
σ=5). 

Participants  

The intervention group included 34 children (14 female), ranging in age from 7.2 to 12.8 years, who 
participated in an intensive summer reading program. Subjects were recruited based on parent report of 
reading difficulties and/or a clinical diagnosis of dyslexia. A total of 132 behavioral and MRI sessions were 
carried out with this group (more details on the participants can be found in our previous work (Huber et 
al., 2018)).  

An additional 66 behavioral and MRI sessions were conducted in a non-intervention control group with 
25 participants, who were matched for age but not reading level. These subjects were recruited as a 
control group to assess the stability of our measurements over the repeated sessions and this stability 
estimate was used as an estimate of noise in our simulations (Figure 1). Control subjects participated in 
the same experimental sessions but did not receive the reading intervention. Twelve of these control 
subjects had typical reading skills (5 female), defined as a score of 85 or greater on the Woodcock Johnson 
Basic Reading composite and the TOWRE Index. All subjects completed a battery of reading tests prior to 
the intervention period to confirm parent reports and establish a baseline for assessing growth in reading 
skill.  

All participants were native English speakers with normal or corrected-to-normal vision and no history of 
neurological damage or psychiatric disorder. We obtained written consent from parents, and verbal 
assent from all child participants. All procedures, including recruitment, consent, and testing, followed 
the guidelines of the University of Washington Human Subjects Division and were reviewed and approved 
by the UW Institutional Review Board. 

Reading intervention 

24 intervention subjects reported in Huber et al., 2018 were enrolled in 8 weeks of the Seeing Stars: 
Symbol Imagery for Fluency, Orthography, Sight Words, and Spelling (Bell, 2013) program at three 
different Lindamood-Bell Learning Centers in the Seattle area. An additional replication cohort of 10 
subjects was run using the exact same training protocol at the University of Washington campus. The 
intervention program consists of directed, one-on-one training in phonological and orthographic 
processing skills, lasting four hours each day, five days a week. The curriculum uses an incremental 
approach, building from letters and syllables to words and connected texts, emphasizing phonological 
decoding skills as a foundation for spelling and comprehension. A hallmark of this intervention program 
is the intensity of the training protocol (4 hours a day, 5 days a week) and the personalized approach that 
comes with one-on-one instruction.  

Experimental sessions 

Subjects participated in four experimental sessions separated by roughly 2.5-week intervals. For the 
intervention group, sessions were scheduled to occur before the intervention (baseline), after 2.5 weeks 
of intervention, after 5 weeks of intervention, and at the end of the 8-week intervention period. For the 
control group, sessions were scheduled to follow the same schedule while the subjects attended school 
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as usual. This allowed us to control for changes that would occur due to typical development and learning 
during the school year. However, some of the parents of the subjects in the control group did not want 
their children to participate in all four scan sessions. In this case, the children were scheduled for two scan 
sessions and the timing of the scan sessions was determined such that, on average, we would have equal 
sampling of the different time intervals (~3, ~5 and 8 weeks). 

In addition to MRI measurements, described in greater detail below, we administered a battery of 
behavioral tests in each experimental session. These included sub-tests from the Wechsler Abbreviated 
Scales of Intelligence (WASI), Comprehensive Test of Phonological Processing (CTOPP-2), Test of Word 
Reading Efficiency (TOWRE-2) and the Woodcock Johnson IV Tests of Achievement (WJ-IV).  

MRI acquisition and processing 

All imaging data were acquired with a 3T Phillips Achieva scanner (Philips, Eindhoven, Netherlands) at the 
University of Washington Diagnostic Imaging Sciences Center (DISC) using a 32-channel head coil. An 
inflatable cap was used to minimize head motion, and participants were continuously monitored through 
a closed-circuit camera system. Prior to the first MRI session, all subjects completed a session in an MRI 
simulator, which helped them to practice holding still, with experimenter feedback. This practice session 
also allowed subjects to experience the noise and confinement of the scanner prior to the actual imaging 
sessions, to help them feel comfortable and relaxed during data collection.  

Diffusion-weighted magnetic resonance imaging (dMRI) data were acquired with isotropic 2.0mm3 spatial 
resolution and full brain coverage. Each session consisted of 2 DWI scans, one with 32 non-collinear 
directions (b-value = 800 s/mm2), and a second with 64 non-collinear directions (b-value = 2,000 s/mm2).  
Each of the DWI scans also contained 4 volumes without diffusion weighting (b-value = 0). In addition, we 
collected one scan with 6 non-diffusion-weighted volumes and a reversed phase encoding direction 
(posterior-anterior, PA) to correct for EPI distortions due to inhomogeneities in the magnetic field. 
Distortion correction was performed using FSL’s topup tool (Andersson et al., 2003; Andersson and 
Sotiropoulos, 2016). The PA images were used to estimate the distortion field but were removed from all 
further analyses due to differences in mean signal intensity between the AP and PA images. Inclusion of 
the PA images in the kurtosis model fitting led to higher diffusivity estimates in our previous work (Huber 
et al., 2018), but all the results are equivalent whether or not these images are included. 

Additional pre-processing was carried out using tools in FSL for motion and eddy current correction, and 
diffusion metrics were fit using the diffusion kurtosis model as implemented in DIPY (Garyfallidis et al., 
2014). Data were manually checked for imaging artifacts and excessive dropped volumes. Given that 
subject motion can be especially problematic for the interpretation of group differences in DWI data 
(Koldewyn et al., 2014; Yendiki et al., 2014), data sets with mean slice-by-slice RMS displacement > 0.7mm 
were excluded from all further analyses. Datasets in which more than 10% of volumes were either 
dropped or contained visible artifact were also excluded from further analysis. 

White matter tract identification 

Fiber tracts were identified for each subject using the Automated Fiber Quantification (AFQ) software 
package (Yeatman et al., 2012b), after initial generation of a whole-brain connectome using probabilistic 
tractography (MRtrix 3.0) (Jeurissen et al., 2011; Tournier et al., 2007). Fiber tracking was carried out on 
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an aligned, distortion corrected, concatenated dataset including all four of the 64-direction (b-value = 
2,000 s/mm2) datasets collected across sessions for each subject. This allowed us to ensure that estimates 
of diffusivity across session were mapped to the same anatomical location for each subject, since slight 
differences in diffusion properties over the course of intervention can influence the region of interest that 
is identified by the tractography algorithm.  

Quantifying white matter tissue properties 

To detect intervention-driven changes in the white matter, we fit the diffusion kurtosis model as 
implemented in DIPY to the diffusion data collected in each session (Fieremans et al., 2011; Jensen and 
Helpern, 2010). The diffusion kurtosis model is an extension of the diffusion tensor model that accounts 
for the non-Gaussian behavior of water in heterogeneous tissue containing multiple barriers to diffusion 
(cell membranes, myelin sheaths, etc.). After model fitting, diffusion metrics were projected onto the 
segmented fiber tracts generated by AFQ. Selected tracts were sampled into 100 evenly spaced nodes, 
spanning termination points at the gray-white matter boundary, and then diffusion properties (mean, 
radial, and axial diffusivity (MD, RD, AD) and fractional anisotropy (FA)) were mapped onto each tract to 
create a “Tract Profile”. Here we focus on MD for three reasons: (1) MD is highly reliable and sensitive to 
changes in white matter tissue properties (De Santis et al., 2014); (2) MD was the primary metric of 
white matter plasticity reported in our previous work (Huber et al., 2018); (3) The simulations and power 
analysis in our pre-registration used the published MD data 
(https://github.com/yeatmanlab/Huber_2018_NatCommun).  

 
Results 
The magnitude of white matter plasticity does not vary with age 

In our previous work we observed intervention-driven changes in white matter tissue properties that were 
distributed across a network of highly correlated white matter tracts (Huber et al., 2018, Figure 6). To 
summarize this spatially distributed plasticity, and to limit the number of statistical comparisons, we first 
conducted a principal component analysis of mean diffusivity (MD) values sampled at 100 nodes along 
the 18 major white matter fascicles. Values from all 18 tracts were concatenated in a matrix (34 subjects 
X 4 time points by 18 tracts X 100 nodes); columns were centered but not scaled. The first 5 components 
accounted for 55 percent of the variance in the data (PC1 = 27%, PC2 = 10%, PC3 = 7%, PC4 = 6%, PC5 = 
5%). Since each component is a linear combination of MD values from different white matter tracts, 
analyzing each subject’s change in component scores is akin to averaging MD values across a collection of 
tracts with similar diffusion properties (see Figure S1 for a visualization of PC1). Using a linear mixed 
effects LME model to analyze changes in MD as a function of intervention hours (fixed effect of 
intervention time in hours and random effect of subject), we find significant intervention driven change 
in PC1 (t(112) = -3.10, p = 0.0024) and PC4 (t(112) = 3.00, p = 0.0034). However, the amount of change 
observed in an individual subject is not dependent on that subject’s age. Specifically: (1) fitting an LME 
model with age, time (intervention hours), and their interaction, indicated that the interaction was not 
significant for any of the five PCs (all p-values > 0.16); (2) the correlation between age and individual 
growth rates (change in MD per hour of intervention estimated as a linear fit to each individual’s data) 
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were near zero (PC1 r = 0.03, p = 0.90; PC2 r = -0.08, p = 0.69; PC3 r = -0.28, p = 0.15;  PC4 r=0.05, p = 0.81; 
PC5 r = -0.21, p = 0.27); (3) a group comparison for average growth rates in younger (<9 years of age) 
versus older subjects showed no group differences (all p-values > 0.20). Computing the Bayes factor (BF, 
based on (Wetzels and Wagenmakers, 2012)) provides moderate support for the null hypothesis that the 
magnitude of intervention driven white matter plasticity does not depend on age (PC1 BF = 0.15; PC2 BF 
= 0.16; PC3 BF = 0.40;  PC4 BF = 0.15; PC5 BF = 0.26). 

Post-hoc node-based analysis of age dependent plasticity 

Given that spatially distributed plasticity (in terms of principal components) observed over the intensive 
reading intervention is equivalent for older versus younger subjects, we next undertook a post-hoc 
analysis (not defined in the pre-registration) to search for regions in the white matter that show a 
relationship between age and intervention driven growth rate. In this analysis we compute MD growth 
rates for each of the 100 nodes along each of the 18 white matter tracts and correlate these growth rates 
with subject age. Figure 2 shows a rendering of the 18 white matter tracts colored based on the average 
intervention-driven change in MD at each node (Figure 2A), and the relationship between age and MD 
change at each node (Figure 2B,C). 

 

Figure 2: Intervention-driven white matter plasticity does not depend on age. A Linear mixed effects model 
predicting changes in mean diffusivity (MD) as a function of intervention hours, age and their interaction was fit 
at each node along each white matter tract.  (A)  Highly significant intervention-driven changes in MD were 
distributed throughout the white matter (main effect of intervention hours). (B) The age by intervention hours 
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interaction was not significant throughout most of the white matter. Focal regions of the corticospinal tract were 
significant without a correction for multiple comparisons, but the extensive network seen in panel A largely 
showed no relationship between age and plasticity. Histograms of p-values for each tract are shown in Figure S3.  
(C) Correlation coefficients (Pearson’s r) relating each subject’s age to their rate of intervention-driven MD change 
are shown as an index of effect size. Correlations are mostly distributed around zero. 

This exploratory analysis revealed effects that were isolated to small regions on a few tracts (e.g., ventral 
portion of the left corticospinal tract, minimum p = 0.006 uncorrected, Figure 2B,C, see also Figure S3). 
However, like a voxel-based analysis (VBA), asserting statistical significance based on an exploratory node-
based analysis requires a correction for multiple comparisons (accounting for the correlation structure in 
the data as nodes are not independent). No regions showed a strong relationship between plasticity and 
age, and these effects would not survive a multiple comparison correction (see Figure S2 and Figure S3 
for histograms of p-values). Thus, while we cannot rule out the possibility that there exists a specific focal 
region that loses its capacity for plasticity over the course of elementary school, the extensive networks 
of regions showing intervention-driven change (Figure 2A) do not show interactions with subject age 
(Figure 2B). 

The time-course of white matter plasticity does not vary with age 

Given that the magnitude of white matter plasticity does not change as a function of age, we next turn to 
our second hypothesis that younger subjects will show more rapid changes compared to older subjects, 
irrespective of the absolute magnitude of change. We once again begin by focusing on the first five 
principal components and compute the intervention driven growth rate in MD (change/hr) observed 
between the first two measurements sessions (which were separated by, on average, 26 days). We find 
that the rate of change in MD during the beginning of the intervention does not depend on age (spearman 
correlation, PC 1 r = 0.03, p = 0.89; PC 2 r = -0.16, p = 0.41; PC 3 r = 0.06, p=0.77; PC 4 r = -0.21, p = 0.29; 
PC5 r = 0.11, p = 0.58). Finally, we calculate the percentage of overall change that occurs during the first 
three weeks of intervention by using linear regression to interpolate each subject’s MD value at 60 hours 
of intervention, subtracting the subject’s baseline MD value, and dividing this difference by the difference 
between baseline and post-intervention MD. The point of this interpolation is to control for the fact that 
there was some variability among subjects in the timing of measurement session 2. Overall, we once again 
find that the percentage of overall change occurring within the first three weeks of the intervention does 
not depend on age: there was a marginally significant correlation for PC2 (r = -0.43, p = 0.03 uncorrected), 
however, PC2 did not show a significant main effect of the intervention. Visualizing the time-course of 
change in older versus younger subjects reveals very similar growth trajectories. 
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Figure 3: Time-course of white matter plasticity and reading skill growth. (A) The time-course of change in 
mean diffusivity (MD) for the first white matter principal component (PC1) is plotted for the whole sample 
(purple), younger subjects (red) and older subjects (blue). Initial MD is lower in the older subjects, compared 
to the younger subjects, reflecting known maturational effects. But the time-course of plasticity is equivalent 
for the two groups. The vectors on the right side of the plot show the magnitude of change between the first 
two sessions and after completion of the intervention. Contrary to our hypothesis, the younger subjects 
showed slightly less change between the first two sessions and slightly less change overall (no significant 
differences). (B) In terms of behavioral improvements, the time-course and magnitude of reading gains were 
equivalent for both groups. 

Older children and younger children show equivalent improvements in reading scores 

Finally, to ascertain if the efficacy of the intervention (in terms of behavioral improvements) changes as a 
function of age, we perform a similar set of analyses on the behavioral measures. Previous intervention 
studies have demonstrated greater gains in younger, compared to older children (Lovett et al., 2017), 
though no study has examined age effects in an intensive (4 hour a day), one-on-one intervention program 
such as the one employed here. This is considered a post-hoc analysis because it was not specified in our 
pre-registration. Figure 3b shows intervention-driven growth trajectories for the Woodcock Johnson Basic 
Reading Skills composite score. Qualitatively, the growth trajectories are very similar for each group. 
Indeed, there was not an age by time interaction for any of the reading measures. For the Woodcock 
Johnson Basic Reading Skills composite there was a highly significant main effect of the intervention 
(t(110) = 8.73, p = 3.41 x 10-14), a significant main effect of age (older subjects in our sample were, on 
average, more severely impaired readers than the younger subjects: t(110) = -3.43, p = 8.4 x 10-4), but no 
interaction (t(110) = -0.76,  p = 0.44). For the Test of Word Reading Efficiency composite score, there was 
a highly significant main effect of the intervention (t(110) = 6.23, p =  7.3 x 10-9), a small but significant 
main effect of age (t(110) = -2.31, p = 0.02), but no interaction (t(110) = 0.01, p = 0.99).  
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Discussion 
We combined an intensive, one-on-one reading intervention program with longitudinal diffusion MRI 
measures of the white matter in a sample of children spanning early elementary school (7 years of age) 
through middle school (13 years of age) to determine whether a child’s propensity for white matter 
plasticity changes over these years of development. We found that, for the intervention program 
employed here, neither white matter plasticity nor reading growth rates diminish between first grade and 
middle school. These findings stand in stark contrast to our predictions: (1) in terms of white matter 
plasticity, younger and older children show rapid and widespread changes with an equivalent magnitude 
and time-course; (2) in terms of improvements in reading skills, younger and older children show 
equivalent gains in reading accuracy and reading rate.  

That the capacity for intervention-driven white matter plasticity does not appear to change over the 
course of elementary school comes as a surprise. The broader literature on reading interventions makes 
it clear that, on average, intervention programs are more effective in younger compared to older children 
(Lovett et al., 2017; Torgesen, 1998). Thus, there was reason to believe that intervention-driven plasticity 
might diminish with age. Moreover, data from rodents has indicated a sensitive period for association 
cortices that closes at the onset of puberty, leading to the prediction of diminished plasticity over this age 
range for the circuitry supporting human high-level cognitive functions (Piekarski et al., 2017b). However, 
recent data on language learning in a large sample of 2/3 million English speakers revealed that the 
sensitive period for language learning extends later than expected; language learning rates remain 
constant until 17 years of age at which point learning rates sharply decline (Hartshorne et al., 2018).  

What is unique about the intervention employed here is the intensity (4 hours a day, five days a week), 
and the one-on-one delivery of the curriculum, which allows a skilled instructor to tailor the pace of the 
program to the individual student’s needs. These two factors might be critical for promoting both white 
matter plasticity and learning over a broad age range. In line with this idea, we see large behavioral effects 
across the full age range of our sample, which deviates from the expectation that intervention efficacy 
declines sharply with age. Determining the specific aspects of an intervention and, more broadly, the 
environmental factors that prompt large-scale changes in white matter tissue properties, is an important 
direction for future research.  

The present findings are also subject to other interpretations. For example, in implementing a model of 
sensitive periods, we used a Gaussian function bounded at zero to be consistent with well-characterized 
critical periods that are present early in maturation (Hensch, 2005; Werker and Hensch, 2014). However, 
it is known from animal models that white matter plasticity is still present in the adult brain (Fields, 2015; 
Gibson et al., 2014; McKenzie et al., 2014; Mount and Monje, 2017). Moreover, human language learning 
is known to prompt white matter changes in the adult brain (Hofstetter et al., 2017; Schlegel et al., 2012). 
While we can be reasonably certain that there is not a dramatic change in white matter plasticity (as 
indexed by diffusion) across the age range sampled here, we cannot rule out the possibility of gradual 
declines beyond the sampled age-range range. Nor can we rule out the possibility that a sensitive period 
occurs very early in elementary school (e.g., 5-7 years of age), with continued but diminished plasticity 
throughout childhood and into adulthood. Resolving a sensitive period that occurs early in elementary 
school would require a larger sample of kindergarten and first grade children, and testing the prediction 
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of a sensitive period model with more parameters (e.g., adding a constant term to the Gaussian model) 
would require a larger sample across a broad age range. Furthermore, we focused on mean diffusivity due 
to its excellent sensitivity to changes in white matter structure (De Santis et al., 2014; Huber et al., 2018). 
However, mean diffusivity is also not biologically specific, and is affected by properties of axons, myelin, 
glia and vasculature; it is possible that specific cell types have specific sensitive periods that could be 
detected with a more biologically specific quantitative MRI measurement (Berman et al., 2017; Mezer et 
al., 2013; Stikov et al., 2011; Weiskopf et al., 2015; Yeatman et al., 2014). 

What are the implications of these findings for literacy education? First, these data prompt a new 
interpretation of white matter differences reported in children with dyslexia (Ben-Shachar et al., 2007; 
Ozernov-Palchik and Gaab, 2016; Vandermosten et al., 2012; Wandell and Yeatman, 2013). When children 
are provided a high-quality educational experience, the white matter is much more plastic than often 
presumed; therefore, differences in white matter organization are just as likely to be a consequence, as 
oppose to a cause, of differences in literacy achievement. Second, intervention programs can still be highly 
effective in older children, even ones with extreme reading difficulties. However, early intervention should 
still remain the gold standard: not intervening to remediate reading difficulties has well-known 
consequences in terms of increased risk for anxiety and depression (Nelson and Harwood, 2011), and poor 
academic outcomes (struggles with reading tend to exert a negative impact across many academic 
domains; Snow et al., 1998; Snowling, 2013; Torgesen, 2004, 1998). Finally, this study did not measure 
long-term outcomes and it is possible that short-term intervention is more effective at eliciting long term 
change (in white matter and behavior) in younger brains.  

In sum, this work highlights the powerful influence that education exerts on white matter development 
throughout elementary school. We did not discover a sensitive period for white matter plasticity. With 
the growing literature on neuroanatomical correlates of learning disabilities, our findings underscore the 
importance of investigating the conditions under which different neural systems are plastic or stable. 

 

Acknowledgements 
We would like to thank Rebecca Saxe, Hilary Richardson and Timothy Verstynen for comments and 
discussion of the preprint. We would also like to thank Patrick Donnelley and Emily Kubota for their role 
in data collection. This work was supported by NSF/BSF BCS #1551330, NICHD R21HD092771, NICHD 
2P50HD052120-11, and Jacobs Foundation Early Career Research Fellowship to J.D.Y. 
 

 
References 
Andersson JLR, Skare S, 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 JLR, Sotiropoulos SN. 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 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/


Yeatman and Huber – Sensitive Periods 

Page 14 

Bell N. 2013. Seeing Stars: Symbol Imagery for Phonological and Orthographic Processing in Reading and 
Spelling. Avila Beach, CA: Gander Publishing; 2nd edition. 

Ben-Shachar M, Dougherty RF, Wandell BA. 2007. White matter pathways in reading. Curr Opin 
Neurobiol 17:258–270. doi:S0959-4388(07)00038-4 [pii]10.1016/j.conb.2007.03.006 

Berman S, West KL, Does MD, Yeatman JD, Mezer AA. 2017. Evaluating g-ratio weighted changes in the 
corpus callosum as a function of age and sex. Neuroimage. doi:10.1016/j.neuroimage.2017.06.076 

Blakemore C. 1988. The Sensitive Periods of the Monkey’s Visual CortexStrabismus and Amblyopia. 
London: Palgrave Macmillan UK. pp. 219–234. doi:10.1007/978-1-349-10403-1_19 

De Santis S, Drakesmith M, Bells S, Assaf Y, Jones DK. 2014. Why diffusion tensor MRI does well only 
some of the time: Variance and covariance of white matter tissue microstructure attributes in the 
living human brain. Neuroimage 89:35–44. doi:10.1016/j.neuroimage.2013.12.003 

Fields RD. 2015. A new mechanism of nervous system plasticity: activity-dependent myelination. Nat 
Rev Neurosci 16:756–67. doi:10.1038/nrn4023 

Fieremans E, Jensen JH, Helpern JA. 2011. White matter characterization with diffusional kurtosis 
imaging. Neuroimage 58:177–188. doi:10.1016/j.neuroimage.2011.06.006 

Gabrieli JDE. 2009. Dyslexia: a new synergy between education and cognitive neuroscience. Science 
325:280–3. doi:10.1126/science.1171999 

Gabrieli JDE, Ghosh SS, Whitfield-Gabrieli S. 2015. Prediction as a humanitarian and pragmatic 
contribution from human cognitive neuroscience. Neuron 85:11–26. 
doi:10.1016/j.neuron.2014.10.047 

Garyfallidis E, Brett M, Amirbekian B, Rokem A, van der Walt S, Descoteaux M, Nimmo-Smith I. 2014. 
Dipy, a library for the analysis of diffusion MRI data. Front Neuroinform 8:8. 
doi:10.3389/fninf.2014.00008 

Gibson E, Purger D, Mount C, Goldstein S, Lin G, Wood L, Inema I, Miller S, Bieri G, Zuchero J, Barres BA, 
Woo P, Vogel H, Monje M. 2014. Neuronal Activity Promotes Oligodendrogenesis and Adaptive 
Myelination in the Mammalian Brain. Science (80- ) 344:480–481. doi:10.1126/science.1254446 

Hartshorne JK, Tenenbaum JB, Pinker S. 2018. A critical period for second language acquisition: Evidence 
from 2/3 million English speakers. Cognition 177:263–277. doi:10.1016/j.cognition.2018.04.007 

Hensch TK. 2005. Critical period plasticity in local cortical circuits. Nat Rev Neurosci 6:877–888. 

Hofstetter S, Friedmann N, Assaf Y. 2017. Rapid language-related plasticity: microstructural changes in 
the cortex after a short session of new word learning. Brain Struct Funct 222:1231–1241. 
doi:10.1007/s00429-016-1273-2 

Hubel DH, Wiesel TN, LeVay S. 1977. Plasticity of Ocular Dominance Columns in Monkey Striate Cortex. 
Philos Trans R Soc B Biol Sci 278:377–409. doi:10.1098/rstb.1977.0050 

Huber E, Donnelly PMPM, Rokem A, Yeatman JD. 2018. Rapid and widespread white matter plasticity 
during an intensive reading intervention. Nat Commun 9:2260. doi:10.1038/s41467-018-04627-5 

Jensen JH, Helpern JA. 2010. MRI quantification of non-Gaussian water diffusion by kurtosis analysis. 
NMR Biomed 23:698–710. doi:10.1002/nbm.1518 

Jeurissen B, Leemans A, Jones DK, Tournier JD, Sijbers J. 2011. Probabilistic fiber tracking using the 
residual bootstrap with constrained spherical deconvolution. Hum Brain Mapp 32:461–479. 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/


Yeatman and Huber – Sensitive Periods 

Page 15 

doi:10.1002/hbm.21032 

Katz LC, Shatz CJ. 1996. Synaptic activity and the construction of cortical circuits. Science 274:1133–8. 

Koldewyn K, Yendiki A, Weigelt S, Gweon H, Julian J, Richardson H, Malloy C, Saxe R, Fischl B, Kanwisher 
N. 2014. Differences in the right inferior longitudinal fasciculus but no general disruption of white 
matter tracts in children with autism spectrum disorder. Proc Natl Acad Sci U S A 111:1981–6. 
doi:10.1073/pnas.1324037111 

Kuhl PK. 2004. Early language acquisition: cracking the speech code. Nat Rev Neurosci 5:831–43. 
doi:10.1038/nrn1533 

Langer N, Peysakhovich B, Zuk J, Drottar M, Sliva DD, Smith S, Becker BLC, Grant PE, Gaab N. 2015. 
White Matter Alterations in Infants at Risk for Developmental Dyslexia. Cereb Cortex bhv281. 
doi:10.1093/cercor/bhv281 

Lovett MW, Frijters JC, Wolf M, Steinbach KA, Sevcik RA, Morris RD. 2017. Early intervention for children 
at risk for reading disabilities: The impact of grade at intervention and individual differences on 
intervention outcomes. J Educ Psychol 109:889–914. doi:10.1037/edu0000181 

McKenzie IA, Ohayon D, Li H, Paes de Faria J, Emery B, Tohyama K, Richardson WD. 2014. Motor skill 
learning requires active central myelination. Science (80- ) 346:318–322. 
doi:10.1126/science.1254960 

Meltzoff AN, Kuhl PK, Movellan J, Sejnowski TJ. 2009. Foundations for a New Science of Learning. Int J 
Learn 325:365–384. doi:10.1080/00461520903029014 

Mezer A, Yeatman JD, Stikov N, Kay KNN, Cho N-JN-JJ, Dougherty RF, Perry MLMLL, Parvizi J, Hua LHLHH, 
Butts-Pauly K, Wandell BA. 2013. Quantifying the local tissue volume and composition in individual 
brains with magnetic resonance imaging. Nat Med 19:1667–72. doi:10.1038/nm.3390 

Miller DJ, Duka T, Stimpson CD, Schapiro SJ, Baze WB, McArthur MJ, Fobbs AJ, Sousa AMM, Sestan N, 
Wildman DE, Lipovich L, Kuzawa CW, Hof PR, Sherwood CC. 2012. Prolonged myelination in human 
neocortical evolution. Proc Natl Acad Sci U S A 109:16480–5. doi:10.1073/pnas.1117943109 

Mount CW, Monje M. 2017. Wrapped to Adapt: Experience-Dependent Myelination. Neuron 95:743–
756. doi:10.1016/j.neuron.2017.07.009 

Munafò MR, Nosek BA, Bishop DVM, Button KS, Chambers CD, Percie du Sert N, Simonsohn U, 
Wagenmakers E, Ware JJ, Ioannidis JPA. 2017. A manifesto for reproducible science. Nat Hum 
Behav 1:1–9. doi:10.1038/s41562-016-0021 

Nelson JM, Harwood H. 2011. Learning Disabilities and Anxiety: A Meta-Analysis. J Learn Disabil 44:3–17. 
doi:10.1177/0022219409359939 

Ozernov-Palchik O, Gaab N. 2016. Tackling the “dyslexia paradox”: Reading brain and behavior for early 
markers of developmental dyslexiax. Wiley Interdiscip Rev Cogn Sci 7:156–176. 
doi:10.1002/wcs.1383 

Piekarski DJ, Boivin JR, Wilbrecht L. 2017a. Ovarian Hormones Organize the Maturation of Inhibitory 
Neurotransmission in the Frontal Cortex at Puberty Onset in Female Mice. Curr Biol 27:1735–
1745.e3. doi:10.1016/j.cub.2017.05.027 

Piekarski DJ, Johnson CM, Boivin JR, Thomas AW, Lin WC, Delevich K, Galarce EM, Wilbrecht L. 2017b. 
Does puberty mark a transition in sensitive periods for plasticity in the associative neocortex? Brain 
Res 1654:123–144. doi:10.1016/j.brainres.2016.08.042 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/


Yeatman and Huber – Sensitive Periods 

Page 16 

Saygin ZM, Norton ES, Osher DE, Beach SD, Cyr AB, Ozernov-Palchik O, Yendiki A, Fischl B, Gaab N, 
Gabrieli JDE. 2013. Tracking the roots of reading ability: white matter volume and integrity 
correlate with phonological awareness in prereading and early-reading kindergarten children. J 
Neurosci 33:13251–8. doi:10.1523/JNEUROSCI.4383-12.2013 

Schlegel A, Rudelson J, Tse P. 2012. White Matter Structure Changes as Adults Learn a Second Language. 
J Cogn Neurosci 24:1664–1670. 

Snow CE, Burns MS, Griffin P. 1998. Preventing Reading Difficulties in Young Children. Washington, D.C.: 
National Academies Press. doi:10.17226/6023 

Snowling MJ. 2013. Early identification and interventions for dyslexia: A contemporary view. J Res Spec 
Educ Needs 13:7–14. doi:10.1111/j.1471-3802.2012.01262.x 

Stikov N, Perry LM, Mezer A, Rykhlevskaia E, Wandell BA, Pauly JM, Dougherty RF. 2011. Bound pool 
fractions complement diffusion measures to describe white matter micro and macrostructure. 
Neuroimage 54:1112–1121. doi:S1053-8119(10)01165-1 [pii]10.1016/j.neuroimage.2010.08.068 

Tagawa Y, Kanold PO, Majdan M, Shatz CJ. 2005. Multiple periods of functional ocular dominance 
plasticity in mouse visual cortex. Nat Neurosci 8:380–388. doi:10.1038/nn1410 

Torgesen JK. 2004. Preventing Early Reading Failure. Am Educ 28. 

Torgesen JK. 1998. Catch them before they fall: Identification and assessment to prevent reading failure 
in young children. Am Educ 22:32–39. 

Tournier J-D, Calamante F, Connelly A. 2007. Robust determination of the fibre orientation distribution 
in diffusion MRI: non-negativity constrained super-resolved spherical deconvolution. Neuroimage 
35:1459–72. doi:10.1016/j.neuroimage.2007.02.016 

Vandermosten M, Boets B, Wouters J, Ghesquière P. 2012. A qualitative and quantitative review of 
diffusion tensor imaging studies in reading and dyslexia. Neurosci Biobehav Rev 36:1532–52. 
doi:10.1016/j.neubiorev.2012.04.002 

Vandermosten M, Vanderauwera J, Theys C, De Vos A, Vanvooren S, Sunaert S, Wouters J, Ghesquière P. 
2015. A DTI tractography study in pre-readers at risk for dyslexia. Dev Cogn Neurosci 14:8–15. 
doi:10.1016/j.dcn.2015.05.006 

Wandell BA, Smirnakis SM. 2009. Plasticity and stability of visual field maps in adult primary visual 
cortex. Nat Rev Neurosci 10:873–884. doi:nrn2741 [pii]10.1038/nrn2741 

Wandell BA, Yeatman JD. 2013. Biological development of reading circuits. Curr Opin Neurobiol 23:261–
268. doi:10.1016/j.conb.2012.12.005 

Weiskopf N, Mohammadi S, Lutti A, Callaghan MF. 2015. Advances in MRI-based computational 
neuroanatomy: from morphometry to in-vivo histology. Curr Opin Neurol 28:313–22. 
doi:10.1097/WCO.0000000000000222 

Werker JF, Hensch TK. 2014. Critical Periods in Speech Perception: New Directions. Annu Rev Psychol 
66:1–24. doi:10.1146/annurev-psych-010814-015104 

Wetzels R, Wagenmakers EJ. 2012. A default Bayesian hypothesis test for correlations and partial 
correlations. Psychon Bull Rev 19:1057–1064. doi:10.3758/s13428-014-0470-2 

Wiesel T, Hubel D. 1965. Extent of recovery from the effects of visual deprivation in kittens. J 
Neurophysiol. 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/


Yeatman and Huber – Sensitive Periods 

Page 17 

Wiesel T, Hubel D. 1963. Single-cell responses in striate cortex of kittens deprived of vision in one eye. J 
Neurophysiol. 

Yeatman JD, Dougherty RF, Ben-Shachar M, Wandell BA. 2012a. Development of white matter and 
reading skills. Proc Natl Acad Sci U S A 109:E3045-53. doi:10.1073/pnas.1206792109 

Yeatman JD, Dougherty RF, Myall NJ, Wandell BA, Feldman HMM. 2012b. Tract profiles of white matter 
properties: automating fiber-tract quantification. PLoS One 7:e49790. 
doi:10.1371/journal.pone.0049790 

Yeatman JD, Wandell BA, Mezer AA. 2014. Lifespan maturation and degeneration of human brain white 
matter. Nat Commun 5:4932. doi:10.1038/ncomms5932 

Yendiki A, Koldewyn K, Kakunoori S, Kanwisher N, Fischl B. 2014. Spurious group differences due to head 
motion in a diffusion MRI study. Neuroimage 88:79–90. doi:10.1016/j.neuroimage.2013.11.027 

 

  

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/


Yeatman and Huber – Sensitive Periods 

Page 18 

Supplementary Figures 

 
Figure S1: Visualization of the first principal component of mean diffusivity values. Principal component 
analysis (PCA) was used for dimensionality reduction. Each component is a weighted sum of mean diffusivity 
values sampled across the white matter. Thus, change in a subject’s component score over the intervention 
indexes change across this widespread network of correlated diffusivity values. Component loadings for the first 
principal component are visualized as a colormap. 

 

Figure S2: Main effect of intervention time. Histograms of p-values for each tract rendered in Figure 2A. P-
values denotes significance of change in mean diffusivity values as a function of intervention time (main effect 
of time in linear mixed effects model). Red arrow denotes the most significant p-value for each tract. 
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Figure S3: Age by Time interaction. Histograms of p-values for each tract rendered in Figure 2B. P-values 
denotes significance of the interaction term in the linear mixed effects model: change in plasticity as a function 
of age. Some tracts show regions that surpass a threshold of p<0.05 but would not survive a correction for 
multiple comparisons. Red arrow denotes the most significant p-value for each tract. 

 

.CC-BY-NC-ND 4.0 International licensea
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under 

The copyright holder for this preprint (which was notthis version posted January 5, 2019. ; https://doi.org/10.1101/346759doi: bioRxiv preprint 

https://doi.org/10.1101/346759
http://creativecommons.org/licenses/by-nc-nd/4.0/

