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a b s t r a c t 

Visual working memory is critical for goal-directed behavior as it maintains continuity between previous and 

current visual input. Functional neuroimaging studies have shown that visual working memory relies on commu- 

nication between distributed brain regions, which implies an important role for long-range white matter connec- 

tions in visual working memory performance. Here, we characterized the relationship between the microstructure 

of white matter association tracts and the precision of visual working memory representations. To that purpose, 

we devised a delayed estimation task which required participants to reproduce visual features along a continu- 

ous scale. A sample of 80 healthy adults performed the task and underwent diffusion-weighted MRI. We applied 

mixture distribution modelling to quantify the precision of working memory representations, swap errors, and 

guess rates, all of which contribute to observed responses. Latent components of microstructural properties in 

sets of anatomical tracts were identified by principal component analysis. We found an interdependency between 

fibre coherence in the bilateral superior longitudinal fasciculus (SLF) I, SLF II, and SLF III, on one hand, and the 

bilateral inferior fronto-occipital fasciculus (IFOF), on the other, in mediating the precision of visual working 

memory in a functionally specific manner. We also found that individual differences in axonal density in a net- 

work comprising the bilateral inferior longitudinal fasciculus (ILF) and SLF III and right SLF II, in combination 

with a supporting network located elsewhere in the brain, form a common system for visual working memory to 

modulate response precision, swap errors, and random guess rates. 
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. Introduction 

Visual working memory involves active maintenance and manipu-

ation of visual information over a short period of time. It supports

 range of cognitive functions and contributes to goal-directed behav-

or ( Awh and Jonides, 2001 ; de Fockert et al., 2001 ; Gathercole et al.,

004 ; Henderson et al., 2014 ). Functional magnetic resonance imaging

fMRI) and positron emission tomography (PET) studies have shown

hat visual working memory relies on a widespread network of brain

egions including the lateral prefrontal cortex, anterior insula, poste-

ior parietal cortex, inferior temporal cortex, and early visual cortex
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 Daniel et al., 2016 ; Owen et al., 2005 ; Rottschy et al., 2012 ;

ager and Smith, 2003 ). Recent studies using network-based ap-

roaches have shown increased global efficiency and decreased modu-

arity of functional networks during working memory compared with

est; these findings suggest that coordinated neural activity is re-

uired for working memory performance ( Dagenbach, 2019 ). The

dea that visual working memory relies on communication across a

arge-scale network implies a critical role for long-range white mat-

er connections that support information transmission in the brain

 Düzel et al., 2010 ; Pajevic et al., 2014 ). Here, we characterised the

elationship between white matter microstructure and visual work-
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ng memory performance in a large sample of neurotypical adult

umans. 

Previous studies have related visual working memory performance

o white matter microstructure in several individual long-range associ-

tion tracts ( Lazar, 2017 ). In particular, the superior longitudinal fas-

iculus (SLF), a major pathway that connects the parietal and frontal

obes ( Makris et al., 2005 ), has been related to visual working mem-

ry performance ( Darki and Klingberg, 2015 ; Vestergaard et al., 2011 ).

he SLF can be further divided into dorsal (SLF I), middle (SLF II), and

entral components (SLF III), which have different patterns of connec-

ivity to other brain regions and, arguably, distinct functional special-

zation ( Makris et al., 2005 ; Parlatini et al., 2017 ; Thiebaut de Schotten

t al., 2011 ). Further, the inferior frontal-occipital fasciculus (IFOF), a

ract that mediates direct communication between occipital and frontal

obes ( Forkel et al., 2014 ), has also been associated with visual work-

ng memory ( Krogsrud et al., 2018 ; Peters et al., 2014 ; Walsh et al.,

011 ). Finally, the inferior longitudinal fasciculus (ILF), a temporal-

ccipital tract that runs more superficially and ventrally than the IFOF

 Herbet et al., 2018 ), also plays a role in modulating visual working

emory function, based on evidence from healthy children and case

tudies of focal lesions ( Krogsrud et al., 2018 ; Shinoura et al., 2007 ).

ased on this existing literature, we focused on the relationship between

isual working memory performance and five critical tracts-of-interest

TOIs): the SLF I, SLF II, SLF III, IFOF and ILF. 

Conceptually, participant responses in visual working memory tasks

an reflect true but noisy memory representations of target items, noisy

epresentations of non-target items arising from feature binding failures

so-called “swap errors ”), or random guesses originating from atten-

ional lapses, poor task compliance or other factors. These specific as-

ects of visual working memory might be supported by totally different

natomical structures. Yet, research also suggests that the variabilities

f memory representations and swap errors, for example, are affected by

ommon neural factors such as the stochastic noise in the nervous system

 Schneegans and Bays, 2017 ). It is therefore of great interest to know

hether sources of variability in task responses are governed by distinct

r shared white matter substrates. Unfortunately, previous investiga-

ions that aimed to relate visual working memory performance to white

atter microstructure did not distinguish between sources of behavioral

ariability ( Darki and Klingberg, 2015 ; Krogsrud et al., 2018 ; Nagy et al.,

004 ; Peters et al., 2014 ; Vestergaard et al., 2011 ; Walsh et al., 2011 ).

he overarching goal of the current study was to use computational

odelling of behavior to independently characterize contributions of

hite matter microstructure to these theoretically distinct components

f visual working memory performance. 

To evaluate visual working memory performance, we developed a

ovel version of the delayed estimation paradigm ( Emrich et al., 2013 ;

orgoraptis et al., 2011 ; Taylor and Bays, 2020 ), which required par-

icipants to encode three visual gratings that varied in both their spa-

ial location and orientation. After a short delay period, participants

eproduced, on a continuous scale, either the location or orientation of

nly one of the gratings, as indicated by a probe which appeared after

he delay period. The different features to be retrieved (location and

rientation) were included to test the extent to which brain-behavior

ssociations are similar across the spatial and non-spatial domains of

isual working memory. Having participants respond on a continuous

cale allowed us to calculate error magnitudes that could be modelled

sing mixture distribution modelling to independently estimate the pre-

ision of “true ” working memory responses, the rates of swap errors , and

he rates of random guessing ( Bays et al., 2009 ; Zhang and Luck, 2008 ).

o avoid biasing results by selection of individual tracts or microstruc-

ural measures, while also reducing data dimensionality, we used a

wo-step principal component analysis (PCA) to estimate latent com-

onents over different measures and different tracts . The aim of this

ata-driven approach was to capture more holistic representations of

hite matter microstructure in long-range pathways, which helps ex-

lore patterns of brain-behavior association, or even interdependency
2 
etween tracts, in shaping response precision, swap errors, and random

uesses. 

. Methods 

.1. Participants 

Eighty-seven healthy adult volunteers were recruited from The Uni-

ersity of Queensland through an online volunteer system. Seven partic-

pants were excluded from subsequent analyses due to data corruption

 n = 4) or incomplete MRI data ( n = 3). The final sample included 80 par-

icipants aged from 18 to 38 years ( M = 24.24, SD = 4.61; 39 females).

ll participants completed safety screening questionnaires and provided

ritten informed consent before the experimental sessions. Participants

ere reimbursed at a rate of $20 per hour. The study was approved by

he Human Research Ethics Committee of The University of Queensland.

.2. Experiment 

.2.1. Apparatus 

Stimuli were displayed on an LCD monitor (VG248QE) with a resolu-

ion of 1920 × 1080 pixels and a refresh rate of 60 Hz. Participants were

eated approximately 60 cm from the monitor in a dimly illuminated

oom, with their head position maintained with a chinrest. The exper-

ment was implemented under MATLAB R2018a (MathWorks, Natick,

A) using Psychtoolbox ( Brainard, 1997 ; Pelli, 1997 ). Eye position was

ecorded using a desk-mounted eye-tracking system sampled at 120 Hz

iView RED-m infrared eye tracker, SensoMotoric Instruments, Teltow,

ermany). The eye-tracker was calibrated and validated before each ex-

erimental block using a five-point calibration grid. The experiment was

erformed concurrently with electroencephalography (EEG) recording

ut the EEG data are not reported in this manuscript. 

.2.2. Visual working memory experiment 

The location and orientation versions of the visual working memory

asks were presented in separate blocks in random order for each par-

icipant ( Fig. 1 ). In each trial, participants were first presented with a

lack central cross (size: 1.32° in visual angle [dva]; RGB: 0, 0, 0; line

hickness: 0.13 dva) and a black arrow (RGB: 0, 0, 0; width: 2.64 dva;

eight: 0.66 dva) located 2.64 dva above the fixation for 300 ms, re-

inding the participants to encode only items on the left or right side of

he screen. The “Cue ” display was followed by the “Encoding ” display

resented for 400 ms and comprising six orientated gratings (radius:

.64 dva). The gratings were randomly arranged on an invisible circle

radius: 10.55 dva) with respect to their centre. Any two adjacent grat-

ngs were separated by at least 20° and maximally 90° center-to-center

ffset and no grating was presented within ± 15° range from the ver-

ical midline. The grating orientations were randomly sampled over a

°− 179° range in increments of 2° Following the encoding display, the

Maintenance ” display appeared for 900 ms, comprising only the central

xation cross. Next, depending on the task, a “Probe ” display showing

ither the location or orientation of one of the memorized gratings on

he cued side was presented for 700 ms. Participants were instructed to

aintain fixation until the “Response ” display. If an eye movement or

link was detected, a trial was discarded and replayed at the end of the

lock. 

For the location task, one of the memorized gratings on the cued

ide was presented in the center of the probe display. This probe item

isplayed the orientation of one of the three presented gratings on the

ued side, independently of its location. Simultaneously with probe dis-

ppearance, a white response circle appeared in the “Response ” display

n the middle of the screen (radius: 10.55 dva; RGB: 255, 255, 255;

ine thickness: 0.13 dva). Participants reported the location of the target

rating on the response circle using a computer mouse. At the beginning

f the response display, the mouse cursor was set to the centre of the

creen. Immediately after participants moved the cursor, a smaller black
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Fig. 1. Schematic Illustration of the Location and Orientation Tasks. At the start of each block, an instruction message appeared to indicate the subsequent task. At 

the beginning of each run, a message appeared on a black background to remind participants to encode items presented on either the left side or right side. In each 

trial, six gratings were presented during the encoding period. After a 900 ms delay period, participants provided a response based on the probe information. 
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ircle (radius: 2.64 dva; RGB: 0, 0, 0) was revealed with a red dot (ra-

ius: 0.66 dva; RGB: 255, 0, 0) placed at its center. While moving the

ouse, both circle and red dot were locked to the cursor movement to

llow participants to adjust their response. A maximum of 3500 ms was

et for the response period. Once a response was made, or at the end of

he response period, a green feedback circle (radius: 2.64 dva; RGB: 0,

55, 0) representing the correct location of the probed item was shown

or 1000 ms. 

For the orientation task, a black circle outline (radius: 2.64 dva; RGB:

, 0, 0) corresponding to the exact location of one of the three gratings

n the cued side was presented in the probe display. This probe item dis-

layed the spatial location of one of the three presented gratings on the

ued side, independently of its orientation. Simultaneously with probe

isappearance, a white response circle appeared in the “Response ” dis-

lay in the middle of the screen (radius: 2.64 dva; RGB: 255, 255, 255;

ine thickness: 0.13 dva). Participants reported the orientation of the

arget grating using the mouse. Similar to the location task, the mouse

ursor was set to the center of the screen. As soon as participants started

oving the cursor, a yellow line (RGB: 255, 255, 0; line thickness: 0.13

va) inside the response circle was revealed and locked to the cursor

ovement. This helped the participants to adjust their response within

 maximum response period of 3500 ms. Immediately following the re-

ponse, or at the end of the response period, a green feedback line (RGB:

, 255, 0; line thickness: 0.13 dva) representing the correct orientation

as shown for 1000 ms. 

Prior to the main experiment, all participants completed one practice

lock for each task with four trials per cued side (2 tasks × 2 cues × 4

rials = 16 trials). The main experiment consisted of four randomized

locks so that each of the tasks was presented twice. Each block con-

ained two runs in which participants were cued to encode items on the

eft side of the screen, and two runs in which participants were cued to

ncode items on the right side, and these alternated with each other. The

uns were counterbalanced across participants, with some participants

lways starting with right-side cues, and others with left-side cues. Each

lock comprised 120 trials, with 30 trials per run. A total of 480 trials

ere collected from each participant. 

.3. Behavioral analysis 

To examine the quality of behavioral data, response error magnitude

n each trial was computed as the angular difference between the par-

icipant’s response and the objectively correct location or orientation

f the cued item. The error magnitudes for the orientation task ranged

etween 0° and ± 90°. In the location task, by contrast, the error magni-
3 
ude ranged between 0° and ± 180°, with errors larger than ± 90° indicat-

ng that participants selected a location in the uncued hemifield. Initial

ata inspection indicated that participants never made such “hemifield-

wap ” errors, so subsequent analyses considered location in the same

anner as orientation, with error magnitudes ranging between 0° and

 90°. For both tasks, the error magnitudes were transformed from de-

rees to pi radians ( 𝜋rad) with 0° and ± 90° mapped to 0 𝜋rad and ± 1

rad, respectively. The error distribution for each participant was then

ompared against a uniform distribution using the Kolmogorov-Smirnov

est ( Massey, 1951 ). A uniform distribution would imply that a partici-

ant guessed in a majority of experimental trials. Based on this criterion,

ight participants were excluded, leaving a total of 72 participants (36

emales; 18–38 years; M = 24.31, SD = 4.77) for the following analyses.

To quantify performance on the task, a probabilistic model intro-

uced by Bays et al. (2009) was applied, which attributes response er-

or to a mixture of three components: (a) a von Mises distribution for

he target orientation/location, (b) von Mises distributions for the non-

arget orientations/locations, and (c) a uniform distribution for random

uesses. Technical details of this model have been described elsewhere

 Bays et al., 2009 ). In brief, the model is defined as the probability of re-

orting the target item (P T ), the probability of reporting the non-target

tems (P NT ), the probability of random guessing (P G ), and the concen-

ration parameter 𝜅 of the von Mises distribution that described the

ariability around the target value. The non-target items in both the

ocation and orientation tasks were defined as the two unprobed items

resented on the cued side. The maximum likelihood estimates of the

arameters were obtained separately for each participant in each task

nd cued side using an expectation-maximization algorithm. The fitted

on Mises 𝜅 was converted to circular standard deviation ( 𝜎vM 

) as de-

ned by Fisher (1995) , giving a measure of response precision which re-

ects the precision of representations stored in visual working memory

 Bays et al., 2011 , 2011 ; Pratte et al., 2017 ). P NT measures swap errors

hich describe the proportion of responses arising from feature binding

nomalies in working memory where a non-target feature is “swapped

n ” for the target feature ( Bays, 2016 ; Schneegans and Bays, 2017 ).

 G measures the random guess rates which reflect the proportion of re-

ponses originating from task-irrelevant factors. 

A preliminary repeated-measures ANOVA on response precision,

ith task (location, orientation) and cued side (left, right) as the within-

ubject variables, showed no significant main effect of cued side and

o significant interaction between task and cued side (all ps >> 0.05).

herefore, the mixture model was refitted to error distributions with

rials aggregated across cued sides. Paired-samples t -tests were then

erformed to compare 𝜎 , P , and P between the location and ori-
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ntation tasks. The mixture distribution modelling was performed in

ATLAB R2020a using the Analogue Report Toolbox ( Bays et al., 2009 ;

chneegans and Bays, 2016 ). All statistical analyses were carried out

sing R v4.1.0 ( R Core Team, 2021 ). 

.4. Neuroimaging analysis 

.4.1. Image acquisition 

Participants underwent MRI scans using a Siemens Magnetom

risma 3T system at the Centre for Advanced Imaging at The Uni-

ersity of Queensland. T1-weighted structural scans were obtained

ith a magnetisation-prepared two rapid acquisition gradient echo

MP2RAGE) sequence ( Marques et al., 2010 ), with 240 mm field-of-

iew (FoV), 176 slices, 0.9 mm isotropic resolution, TR = 4000 ms,

E = 2.92 ms, TI 1 = 700 ms, TI 2 = 2220 ms, first flip angle = 6°, sec-

nd flip angle = 7°, and 5–6 min of acquisition time. Diffusion-weighted

mage (DWI) series were acquired using an echo-planar imaging (EPI)

equence with FoV of 244 mm, 70 slices, 2 mm isotropic resolution, slice

cceleration factor = 2, TR = 4100 ms, TE = 84 ms. The acquisition

onsisted of 11 b = 0 s/mm 

2 (B 0 ) images, and 6, 10, 20, 60 diffusion-

ensitization directions at b = 200, 500, 1000, and 3000 s/mm 

2 , re-

pectively. Additional 11 B 0 images were acquired with reverse phase

ncoding. The DWI sequence lasted approximately 7–8 min. 

.4.2. Image processing 

Image pre-processing was conducted using tools in MRtrix3

v3.0_RC3; Tournier et al. 2019 ) and FSL (v6.0.4 FMRIB Software Li-

rary; Smith et al. 2004 ). T1-weighted images were brain extracted with

he HD-BET algorithm, a new tool that has been validated on several

arge datasets and multiple MR sequences ( Isensee and Hucho, 2019 ).

WI were denoised ( Cordero-Grande et al., 2019 ; Veraart et al., 2016 )

nd corrected for susceptibility induced field ( Andersson et al., 2003 ),

ubject movement and eddy-current induced distortions ( Andersson and

otiropoulos, 2016 ), and signal intensity inhomogeneities ( Zhang et al.,

001 ). A binary whole-brain masque was generated from the pre-

rocessed DWI using the Brain Extraction Tool (BET; Smith, 2002 ).

o achieve nonlinear registration from the native diffusion space to

he MNI152 standard space, B 0 images were linearly registered to

he respective T1-weighted images using rigid body transformation

 Jenkinson et al., 2002 ) and the T1-weighted images were registered to

he standard space using nonlinear registration ( Andersson et al., 2007 ).

he diffusion-to-T1 and T1-to-standard transformation matrices were

oncatenated and used to obtain the diffusion-to-standard warp fields. 

The bi-tensor model as described in Pasternak et al. (2009) was used

o obtain diffusion tensor measures including fractional anisotropy (FA),

ean diffusivity (MD), radial diffusivity (RD), and axial diffusivity (AD)

rom the pre-processed DWI using b ≤ 1000 s/mm 

2 shells only, with the

im to minimize contamination of cerebrospinal fluid (CSF). To obtain

ore direct and specific markers of dendrites and axons, the neurite

rientation dispersion and density imaging (NODDI) technique was also

pplied to the pre-processed multi-shell DWI using the NODDI MATLAB

oolbox (https://www.nitrc.org/projects/noddi_toolbox). This tech-

ique allows estimation of neurite density index (NDI), a measure likely

o reflect density of dendrites or axons, and orientation dispersion index

ODI), a measure likely to reflect whether neurites are coherently orien-

ated, along with estimation of a free water fraction by fitting a three-

ompartment tissue model to the diffusion signals ( Zhang et al., 2012 ).

.4.3. Tractography and tractometry 

The SLF I, SLF II, SLF III, IFOF, and ILF in both hemispheres were re-

onstructed according to a standardised protocol using automated prob-

bilistic tractography as implemented in the XTRACT toolbox in FSL

 Fig. 2 ; de Groot et al. 2013 ; Warrington et al. 2020 ). Anatomical land-

arks use for fibre reconstruction are summarised in the Supplementary

ethods. To guide tractography, a ball-and-stick, crossing-fibre model

as applied to the pre-processed multi-shell DWI to estimate multiple
4 
bre orientations in each voxel based on a continuous Gamma distribu-

ion of diffusivities ( Jbabdi et al., 2012 ). Model parameters were esti-

ated using a Bayesian Monte Carlo sampling technique. Probabilistic

bre tracking was then achieved by drawing sample streamlines from

 seed along a diffusion orientation sampled from the posterior distri-

ution at each voxel. A large number of samples built up a fibre prob-

bility distribution that reflected the number of streamlines connecting

ny single voxel to the seed masks ( Behrens et al., 2007 , 2003 ). All pa-

ameters that constrained streamline propagation were set as default:

urvature threshold = ± 80°, maximum streamline steps = 2000, step

ize = 0.5 mm ( Warrington et al., 2020 ). The output normalized stream-

ine density maps and average streamline length maps were used in the

ollowing analyses. 

Along-tract profiling was performed for each TOI by mapping the mi-

rostructural measures with the average streamline length at each voxel.

he average streamline length in a voxel for a given tract represents dis-

ance of streamline travelled from the seed region-of-interest (ROI) to

hat voxel, but this does not unambiguously distinguish all voxels when

he seed ROI is placed in the middle of the tract trajectory since the

easure of distance is non-directional. To add such directionality to the

ength maps of each TOI, the normalized density maps with a thresh-

ld at probability < 0.1% were masked to extract coronal slices anterior

nd posterior to the seed ROI, respectively. The resultant images were

inarized to provide masks for the anterior and posterior segments of

 tract which in turn, were applied to the average length maps. Dis-

ance values in voxels in the posterior segment of each tract was signed

ipped to reflect direction of tract trajectory relative to the seed. The mi-

rostructural images were then mapped onto the corrected images of av-

rage streamline length. Finally, the streamline lengths were partitioned

nto 20 bins with a uniform width; the mean value of each microstruc-

ural measure was calculated for each bin of length to get an along-tract

rofile. 

.4.4. Dimensionality reduction 

For each participant, 6 microstructural measures were mapped along

00 regions (10 tracts × 20 length bins). To decrease data dimension-

lity, PCA was performed to identify principal components (PCs) over

ifferent measures and different tracts in a two-step fashion ( Fig. 3 ).

revious studies have applied PCA either over different microstructural

easures ( Chamberland et al., 2019 ; Geeraert et al., 2020 ) or over dif-

erent anatomical tracts ( Clayden et al., 2012 ; Johnson et al., 2015 ;

enke et al., 2010 ). The two-step PCA combines the previously used

pproaches so that covariations along both the measure and tract di-

ensions can be captured effectively. 

Two statistical tests were performed before each PCA to determine

hether the data were suitable for structure detection. The Kaiser-

eyer-Olkin (KMO) Statistic measures the proportion of variance that

ight be caused by underlying factors. High KMO values generally

uggest the suitability of applying PCA ( Kaiser and Rice, 1974 ). A

MO value lower than 0.5 is considered to render PCA inappropriate

 Dziuban and Shirkey, 1974 ). Bartlett’s Test of Sphericity determines

hether variables in a dataset are correlated; if all variables were unre-

ated, a PCA would be inappropriate ( Bartlett, 1951 ). The above analy-

es were conducted using the ‘REdaS’ package ( Maier, 2015 ). 

The first PCA was performed on a concatenated data matrix with

 columns (6 tissue measures) and 14,400 rows (72 participants × 10

racts × 20 bins) to extract components from tissue measures. The second

CA was performed for each PC extracted from the first step by convert-

ng a data vector to a data matrix of 10 columns (10 tracts) and 1440

ows (72 participants × 20 bins), with the aim to further extract compo-

ents from different tracts. To obtain PCA scores and loadings, singular

alue decomposition was applied to the mean-centered, z -transformed

ata matrix using the ‘mdatools’ package ( Kucheryayskiy, 2020 ). PCs

ith eigenvalue > 1 were retained ( Cattell, 1966 ). Loadings of the re-

ained PCs were rotated using promax rotation to improve interpretabil-

ty. Original tissue measures were considered to contribute substantially
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Fig. 2. Probabilistic Tractography of Ten Tracts of Interest. Normalised streamline density maps from a representative participant were applied with a threshold of 

0.001, binarized, and converted to 3D meshes for the purpose of visualization. Abbreviations : SLF, superior longitudinal fasciculus; IFOF, inferior frontal-occipital 

fasciculus; ILF, inferior longitudinal fasciculus. 

Fig. 3. Schematic Illustration of Two-step Principal Component Analysis (PCA). The measure space PCA aimed to capture covariations across 6 different microstruc- 

tural metrics with 10 tracts × 20 length segments as observation for each of the 72 participants. Scores of the extracted components were then re-structured for the 

tract space PCA which captured covariations across 10 white matter tracts. 
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o a measure-space PC if they explained more variance than that would

e equally explained by each variable (loading 2 > 1/number of vari-

bles). Original tracts were considered to have substantial contribution

o a tract-space PC if the rotated loadings were above a 0.4 cut-off

 Stevens, 2012 ; Yong and Pearce, 2013 ). 

.5. Statistical analysis 

To examine brain-behavior relationships, linear mixed effects mod-

ls were used to separately regress response precision ( 𝜎vM 

), swap er-

ors (P NT ), and random guess rates (P G ) on the identified PCs using R

ackages ‘lme4’ ( Bates et al., 2015 ) and ‘lmerTest’ ( Kuznetsova et al.,

017 ). PC scores for individual bins along tracts were averaged to pro-

uce a mean score per participant per PC for statistical analysis. To find

he most parsimonious model that provided the best fit to the data,

e adopted a step-up model building approach. This procedure starts

ith the construction of a base model, followed by the stepwise ad-

ition of predictor variables. Every new model is evaluated against a

impler model via the likelihood ratio test (LRT). In the present study,

e tested fixed main effects of task (location vs. orientation) and all

xtracted PCs characterizing white matter connectivity as well as their

nteractions. In the case of significant interactions, the corresponding

ain effect terms were retained. Significant interactions were followed

p using simple slope analysis as implemented in the ‘reghelper’ pack-

ge ( Hughes, 2021 ). Significance level was set at p < 0.05; p -values

or fixed effects were calculated using Satterthwaite approximations.

he above procedures were also repeated to explore effects of tract-

pecific PCs derived from the measure-space PCA (see Supplementary

esults). 
5 
. Results 

.1. Behavioral results 

Distributions of error magnitudes were unimodal and centered on

ero for both tasks ( Fig. 4 ), indicating that participants were success-

ul in reporting features of the target item. On average across partici-

ants, the estimated response precision was higher for the location task

han for the orientation task ( 𝜎vM 

= 0.40/0.01 [M/SEM] vs. 0.74/0.03,

 (71) = -10.40, p < 0.001). The estimated swap errors were higher for the

ocation task than the orientation task (P NT = 0.34/0.01 vs. 0.03/0.01,

 (71) = -28.10, p < 0.001). The estimated random guess rates were

ower for the location task than the orientation task (P G = 0.02/ 0.01 vs.

.36/0.03, t (71) = 13.20, p < 0.001). 

.2. Principal component analysis 

The PCA over microstructural measures identified two PCs that col-

ectively accounted for 89.5% of the variance (KMO: 0.58; Bartlett’s

est: 𝜒2 = 486,752.48, p < 0.001). The first component explained 67.3%

f the variance, with FA and AD loading negatively while RD and ODI

oading positively (Table S1). To facilitate interpretation, scores of PC 1 

ere multiplied by − 1; higher scores on the first PC therefore repre-

ent increases in fibre coherence . The second PC explained 22.2% of the

ariance, with MD loading positively and NDI loading negatively (Ta-

le S1). Scores of the second PC were multiplied by − 1; higher scores of

herefore represent increases in axonal density . 

Participant’s scores of the extracted PCs from the measure-space PCA

ere next submitted to the tract-space PCA to capture covariance across
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Fig. 4. Distributions of Response Errors in Visual Working Memory Tasks. Results of the (a) location task and (b) orientation task are shown. Proportion of trials 

within each bin is averaged across participants. Error bars in each bin denote standard errors of the mean. 

Fig. 5. Loading Profile of the Six Extracted Principal Components. Abbreviations : FA, fractional anisotropy; RD, radial diffusivity; AD, axial diffusivity; ODI, orientation 

dispersion index; MD, mean diffusivity; NDI, neurite density index; SLF, superior longitudinal fasciculus; IFOF, inferior frontal-occipital fasciculus; ILF, inferior 

longitudinal fasciculus. 
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OIs. For fibre coherence, the tract-space PCA extracted three orthog-

nal PCs (eigenvalues > 1) which collectively explained 75.6% of the

ariance (KMO: 0.84; Bartlett’s Test: 𝜒2 = 7715.13, p < 0.001), and

oaded onto three different groups of tracts ( Fig. 5 ; Table S1). For ax-

nal density, the tract-space PCA extracted three components that col-

ectively explained 61.4% of the variance (KMO: 0.80; Bartlett’s Test:
2 = 3811.15, p < 0.001), which loaded onto three different groups of

racts ( Fig. 5 ; Table S1). Biplots of the identified PCs are shown in Figs.
6 
1 and S2. To summarize, six structural components were extracted from

he high-dimensional tractography data. 

.3. Brain-behavior associations 

The model comparison and selection processes for all dependant

ariables are summarized in Tables S2-S4. The best-fitting model of

esponse precision showed a negative association between 𝜎 across
vM 
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Fig. 6. Model of Response Precision. The regression plots show (a) the effect of PC 4 and (b) the effect of PC 6 on response precision as measured by 𝜎vM . Note that the 

plots show the partial effects of individual variables with other fixed effects and random effect in the linear mixed model partial out from the data. The interaction 

between PC 1 and PC 3 is plotted to show (c) the simple effects of PC 1 depending on the level of PC 3 , and (d) the simple effects of PC 3 depending on the level of PC 1 . 

Asterisks in plots (c) and (d) denote significant simple effects. 

Table 1 

The Best-fitting Model of Response Precision. 

Fixed Effects Estimate SE t 95% CI p 

Intercept (Orientation) 0.71 0.02 29.21 [0.66, 0.76] < 0.001 

Task (Location) -0.34 0.03 -10.64 [-0.40, -0.28] < 0.001 

PC 4 -0.14 0.05 -2.76 [-0.24, -0.05] 0.007 

PC 6 0.14 0.04 3.11 [0.05, 0.22] 0.003 

PC 1 -0.21 0.13 -1.57 [-0.45, 0.04] 0.122 

PC 3 -0.32 0.13 -2.54 [-0.57, -0.08] 0.012 

PC 1 × PC 3 1.92 0.54 3.58 [0.90, 2.94] 0.001 

Task × PC 3 0.33 0.16 2.05 [0.02, 0.64] 0.044 
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in both tasks. 
asks and PC 4 ( Fig. 6 a; Table 1 ). This result indicates that higher ax-

nal density in the bilateral ILF and SLF III and right SLF II was as-

ociated with lower 𝜎vM 

and thus higher response precision in both

he location and orientation tasks. There was also a significant asso-

iation between 𝜎vM 

across tasks and PC 6 ( Fig. 6 b); this result indi-

ates that higher axonal density in the bilateral SLF I and left SLF II

as associated with lower response precision in both tasks. In addition,

here was a statistically significant interaction between PC 1 and PC 3 

 Fig. 6 c-d). This interaction was followed up with simple slope analy-

es. It was found that higher scores in PC 1 were associated with lower

vM 

across tasks when PC 3 were low in scores ( p = 0.004; Fig. 6 c, blue
7 
ine); this finding indicates that when fibre coherence was lower in the

ilateral IFOF, higher fibre coherence in the bilateral SLFs I, II, and

II was related to higher response precision in both tasks. When PC 3 

ere high in scores, however, there was no significant association be-

ween PC 1 and 𝜎vM 

( p = 0.195; Fig. 6 c, red line). Also, higher scores

n PC 3 were associated with lower 𝜎vM 

across tasks when PC 1 were

ow in scores ( p < 0.001; Fig. 6 d, blue line) and no significant asso-

iation between PC 3 and 𝜎vM 

when PC 1 were high in scores ( p = 0.987;

ig. 6 d, red line). A post hoc model including a three-way interaction

mong PC 1 , PC 3 , and task did not significantly improve the model fit,

uggesting that the interaction between PC 1 and PC 3 did not differ be-

ween the location and orientation tasks (Tables S5 and S6). Finally,

 significant interaction between task and PC 3 was found; the simple

lope analysis revealed that higher fibre coherence in the bilateral IFOF

as predictive of higher response precision only in the orientation task

 p = 0.012). 

The best-fitting model of swap errors revealed a negative association

etween P NT across tasks and PC 4 ( Fig. 7 a; Table 2 ); this indicates that

igher axonal density in the bilateral ILF and SLF III and right SLF II was

ssociated with lower swap errors in both the location and orientation

asks. There was also a significant association between P NT across tasks

nd PC 6 ( Fig. 7 b). This finding suggests that higher axonal density in

he bilateral SLF I and left SLF II was associated with higher swap errors
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Fig. 7. Model of Swap Errors. The regression plots show (a) the effect of PC 4 and (b) the effect of PC 6 on swap errors. Note that the plots show the partial effects of 

individual variables with other fixed effects and random effect in the linear mixed model partial out from the data. 

Fig. 8. Model of Random Guesses. The regression plots show (a) the effect of PC 4 and (b) the effect of PC 5 on random guesses. Note that higher values in PC 5 relate 

to lower extent of axonal density in the bilateral IFOF. The plots show the partial effects of individual variables with other fixed effects and random effect in the 

linear mixed model partial out from the data. 

Table 2 

The Best-fitting Model of Swap Errors. 

Fixed Effects Estimate SE t 95% CI p 

Intercept (Orientation) 0.03 0.01 3.33 [0.01, 0.05] 0.001 

Task (Location) 0.31 0.01 28.06 [0.29, 0.33] < 0.001 

PC 4 -0.05 0.02 -2.80 [-0.08, -0.01] 0.007 

PC 6 0.05 0.02 2.76 [0.01, 0.08] 0.007 

Table 3 

The Best-fitting Model of Random Guesses. 

Fixed Effects Estimate SE t 95% CI p 

Intercept (Orientation) 0.36 0.02 19.62 [0.33, 0.40] < 0.001 

Task (Location) -0.34 0.03 -13.16 [-0.39, -0.29] < 0.001 

PC 4 -0.14 0.05 -3.01 [-0.23, -0.05] 0.004 

PC 5 -0.13 0.04 -3.44 [-0.21, -0.06] 0.001 
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The best-fitting model of random guess rates, again, revealed a neg-

tive association between P G across tasks and PC 4 ( Fig. 8 a; Table 3 ),

uggesting that higher axonal density in the bilateral ILF and SLF III
8 
nd right SLF II was associated with lower likelihood of guessing in

oth the location and orientation tasks. There was also a significant as-

ociation between P G across tasks and PC 5 ( Fig. 8 b). This association

uggests that higher axonal density in the bilateral IFOF was associated

ith more guesses in both tasks. 

. Discussion 

The principal aim of the current study was to characterize the re-

ationship between distinct aspects of visual working memory perfor-

ance and the microstructure of major white matter tracts. Interdepen-

ency in fibre coherence between the bilateral SLFs I, II, and III and the

ilateral IFOF mediated, in a functionally specific manner, participants’

esponse precision. Axonal density in the bilateral SLF III and ILF and

ight SLF II, on the other hand, seems to be a common modulator for

he precision of memory representations and errors arising from feature

inding failures and random guesses. 

In the best-fitting model of response precision, we found a significant

nteraction between PC 1 and PC 3 . PC 1 represents fibre coherence in the

ilateral SLFs I, II, and III, whereas PC 3 represents fibre coherence in the

ilateral IFOF. We found that higher fibre coherence in the SLF bilater-
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lly was associated with higher memory precision in both location and

rientation tasks in participants with more dispersed fibres in the bilat-

ral IFOF ( Fig. 6 b, blue line). It was also true that higher fibre coherence

n the bilateral IFOF was associated with more precise responses when

bres in the bilateral SLF were less coherently orientated ( Fig. 6 c, blue

ine). The interaction between PC 1 and PC 3 further reveals an interde-

endence of SLFs I, II, III and IFOF when predicting response precision

n visual working memory tasks. This observation suggests that indi-

idual differences in memory precision are modulated by an interplay

etween subsets of tracts that perhaps support distinct frontoparietal-

ccipital subnetworks. It is noteworthy that the models of swap errors

nd random guesses showed no effect of PC 1 and PC 3 , suggesting that

he fibre coherence in a frontoparietal-occipital network specifically me-

iates the precision of visual working memory, independently of errors

rising from binding failures or poor task compliance. Previous stud-

es have shown that higher FA and lower RD in both SLF and IFOF

ere associated with better performance in visuospatial working mem-

ry tasks ( Darki and Klingberg, 2015 ; Nagy et al., 2004 ; Peters et al.,

014 ; Vestergaard et al., 2011 ; Walsh et al., 2011 ). Our result extends

revious findings in two important ways. Firstly, by extracting compo-

ents from both traditional tensor and NODDI metrics, we were able

o bring current and previous findings together in a single conceptual

ramework of alterations in fibre coherence. Secondly, we were able to

xplore the interdependency between groups of tracts in shaping a spe-

ific aspect of behavioral response. 

In addition to the brain-behavior associations specific to response

recision, common white matter substrates for response precision and

wap errors were also found. Higher scores on PC 4 , that is, higher axonal

ensity in bilateral ILF and SLF III and right SLF II, were associated with

igher response precision and lower swap errors in both the location

nd orientation tasks ( Fig. 6 a, 7 a). Also, lower scores on PC 6 , describing

ower axonal density in the bilateral SLF I and left SLF II, were found to

e associated with a higher response precision and lower swap errors

cross tasks ( Figs. 6 b and 7 b). These findings together suggest that a

ual system might exist for modulating memory precision and feature

inding efficiency, and this modulation is mainly achieved by regulating

he amount of transmitted information which in turn, is mediated by

evels of axonal density ( Alexander et al., 2007 , 2019 ; Beaulieu, 2002 ).

xisting knowledge about other functions of the SLF III/ILF and SLF

 supports this idea. In addition to visual working memory, cognitive

rocesses like response inhibition, decision making, and visual guided

ehavior have also been implicated in SLF III and ILF ( Herbet et al.,

018 ; Parlatini et al., 2017 ). These processes are closely related to the

recision of memory representation and thus, it seems reasonable to

llow more fine-grained information to transmit through this network

hen performing a visual working memory task. The SLF I, on the other

and, was associated with functions like saccades and mental imagery

 Parlatini et al., 2017 ). It is possible when the primary goal is to maintain

he memorised items, lower extent of axonal density in the SLF I is more

eneficial regarding a lower extent of external or internal interference

roduced by these processes. 

In the best-fitting model of random guesses, we found significant

ffects of PC 4 and PC 5 . Lower guesses were associated with higher ax-

nal density in bilateral ILF and SLF III and right SLF II and lower ax-

nal density in the bilateral IFOF ( Fig. 8 a-b). These findings suggest that

he “guessing ” measure does not merely represent the residual noise in

he behavioral responses, but rather reflects some active processes rely-

ng on long-range fibres that help reduce impacts of attentional lapses

nd poor task compliance. It is worth noting that the response preci-

ion, swap errors, and random guesses measures were commonly as-

ociated with PC 4 , the axonal density in the bilateral ILF and SLF III

nd right SLF II, which indicates that regulating information flow in the

entral-frontoparietal-temporooccipital network might be a core mech-

nism underlying various visual working memory functions. This core

etwork may closely cooperate with a supporting network, in this case,

he bilateral IFOF, to form a dual system that enables more accurate, dy-
9 
amic control over information processing. The IFOF has been primar-

ly implicated in semantic language processing ( Almairac et al., 2015 ;

artino et al., 2010 ). Information about task instruction might be con-

tantly conveyed through IFOF to provide top-down modulation to the

ownstream areas to avoid attentional lapses and improve task compli-

nce. This top-down signals, however, may still need to be abstract and

ompressed in form to preserve cognitive resources given our result that

ower axonal density in the bilateral IFOF was related to fewer guesses.

The observed effects of PC 4 , PC 5 , and PC 6 did not show any notable

ifferences between the location and orientation tasks, even though we

bserved robust differences between tasks when we analyzed behavioral

ata only. In addition, our study comprised a relatively large sample,

uggesting that we should have been able to detect even small differ-

nces between tasks in brain-behavior relationship should these differ-

nces exist. The location and orientation tasks in our study involved

 common encoding display but in which participants were instructed

o reproduce either the spatial or non-spatial features. Previous studies

sing EEG recording have shown that the contralateral delay activity

CDA) tracks different features stored in visual working memory. When

articipants were presented with an identical array of items, greater

DA was found when participants were tested on the orientations or

hapes of the items, compared with when they were tested on the col-

rs of the items ( Luria et al., 2010 ; Woodman and Vogel, 2008 ). This

eature-specific difference, however, was not constrained by, or sensitive

o, the axonal density in long-range white matter tracts in our study. 

A strength of this study was the use of comprehensive microstruc-

ural measures across multiple tracts, utilising a data-driven approach

o optimally represent spatial variations of white matter microstructure

nd relate this to behavior. A two-step PCA approach to the tractography

ata extracted six orthogonal PCs that encompassed critical information

n both the measure and tract spaces. This approach addressed problems

hat were overlooked in previous studies investigating the relationship

etween visual working memory and white matter tracts. For example,

rogsrud et al. (2018) failed to find associations between visual work-

ng memory performance and the tract-based FA measures after cor-

ecting for multiple comparisons. The fact that Krogsrud et al.’s study

id not replicate otherwise reproducible findings (e.g., Darki and Kling-

erg 2015 ; Nagy et al. 2004 ; Peters et al. 2014 ; Vestergaard et al. 2011 ;

alsh et al. 2011 ), raises an issue of high dimensionality in the predic-

or space. The use of PCA in our study aimed to achieve data reduction

hile providing a good representation of variation in the tractography

ataset. In addition, although all studies have made claims that cer-

ain tracts are related to visual working memory, few studies have in-

estigated the potential interactions between sets of pathways across a

ider working memory network. Recent studies have argued that hu-

an cognition arises from dynamic interactions within and between

arge-scale functional networks ( Bassett and Sporns, 2017 ; Bressler and

enon, 2010 ; Park and Friston, 2013 ). Structural networks comprising

elatively invariant white matter fibres may also work in a collective,

rchestral way as the functional networks. The two-step PCA approach

n our study highlights the fact that the modulating influence of white

atter microstructure goes beyond the level of individual metrics or

racts. 

. Conclusions 

In the present study, we observed associations between visual work-

ng memory and white matter microstructure that were functionally

pecific to the precision of representations in visual working memory.

esponse precision was positively related to fibre coherence in a fron-

oparietal network or a frontooccipital network, depending on the level

f fibre coherence in another set of tracts across the wider working mem-

ry network. We also revealed a core network for visual working mem-

ry that regulates information flow via axonal density. This core net-

ork comprises the ventral-frontoparietal-temporooccipital pathways,

hich together with a supporting network located elsewhere in the
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rain, form a dual system for all different aspects of visual working

emory responses. In summary, our study revealed both distinct and

ommon white matter substrates for response precision, swap errors,

nd random guesses. 
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