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Abstract
The dopaminergic system has a unique gating function in the initiation and execution of

movements. When the interhemispheric imbalance of dopamine inherent to the healthy brain

is disrupted, as in Parkinson's disease (PD), compensatory mechanisms act to stave off behav-

ioral changes. It has been proposed that two such compensatory mechanisms may be (a) a

decrease in motor lateralization, observed in drug-naïve PD patients and (b) reduced

inhibition - increased facilitation. Seeking to investigate the differential effect of dopamine

depletion and subsequent substitution on compensatory mechanisms in non-drug-naïve PD,

we studied 10 PD patients and 16 healthy controls, with patients undergoing two test

sessions — “ON” and “OFF” medication. Using a simple visually-cued motor response task

and fMRI, we investigated cortical motor activation — in terms of laterality, contra- and ipsi-

lateral percent BOLD signal change and effective connectivity in the parametric empirical

Bayes framework. We found that decreased motor lateralization persists in non-drug-naïve

PD and is concurrent with decreased contralateral activation in the cortical motor network.

Normal lateralization is not reinstated by dopamine substitution. In terms of effective connec-

tivity, disease-related changes primarily affect ipsilaterally-lateralized homotopic cortical

motor connections, while medication-related changes affect contralaterally-lateralized homo-

topic connections. Our findings suggest that, in non-drug-naïve PD, decreased lateralization is

no longer an adaptive cortical mechanism, but rather the result of maladaptive changes,

related to disease progression and long-term dopamine replacement. These findings highlight

the need for the development of noninvasive therapies, which would promote the adaptive

mechanisms of the PD brain.
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1 | INTRODUCTION

Unilateral movements are known to recruit contralateral cortical

regions, the contralateral basal ganglia and the ipsilateral cerebel-

lum, which manifests as asymmetric neural activations in functional

magnetic resonance imaging (fMRI; Dassonville, Zhu, Uurbil, Kim, &

Ashe, 1997; Kim et al., 1993). However, under certain conditions,

ipsilateral cortical structures are also activated to some extent,

attenuating the lateralization of motor activation. An increase of

motor activation symmetry has been reported in healthy

populations — while executing complex tasks (Buetefisch, Revill,

Shuster, Hines, & Parsons, 2014; Verstynen, Diedrichsen, Albert,

Aparicio, & Ivry, 2004), during movement of the nondominant hand

(Kobayashi, Hutchinson, & Schlaug, 2003), due to aging (Naccarato

et al., 2006; Wu & Hallett, 2005) and in patients with unilateral

brain lesions following stroke (Carr, Harrison, Evans, & Stephens,

1993; Guzzetta et al., 2007; Rehme, Fink, Von Cramon, & Grefkes,

2011; Shimizu et al., 2002). Drug-naïve Parkinson's disease

(PD) patients also show decreased lateralization of motor activation

during unilateral movement, interpreted as adaptive compensation

at the cortical and subcortical levels (Wu, Hou, Hallett, Zhang, &

Chan, 2015).

Due to its key role in motor control, the dopaminergic system is a

prime suspect for the modulation of motor lateralization. Inter-

hemispheric imbalances in nigrostriatal dopamine (DA) levels, inherent

to both humans and animals, have been shown to correlate with later-

alization of motor behavior (de la Fuente-Fernández, Kishore, Calne,

Ruth, & Stoessl, 2000; Molochnikov & Cohen, 2014). It has been pro-

posed that a time-dependent mechanism differentially regulates the

DA system in both hemispheres and that this mechanism is initially

able to compensate for alterations in the endogenous DA imbalance

related to neurodegeneration (Blesa et al., 2011; Molochnikov &

Cohen, 2014).

One of the characteristic features of PD is the pathological imbal-

ance in DA levels between the two hemispheres, which leads to pro-

nounced motor symptom asymmetry (Samii, Nutt, & Ransom, 2004).

However, clinical symptoms of PD do not appear until a significant

proportion of striatal and nigral dopamine neurons is lost (Fearnley &

Lees, 1991; Samii et al., 2004). The gradual progression of pathology

is at first counterbalanced by adaptive cortico-subcortical circuit-level

mechanisms, which act to preserve behavioral performance (Blesa

et al., 2017). At the level of the basal ganglia, the less-affected puta-

men is thought to play a compensatory role by strengthening its corti-

cal output (Blesa et al., 2011; Wu et al., 2015). At the cortical level,

deficient input from subcortical areas is compensated by reduced cor-

tical inhibition and increased cortical facilitation (Rothwell & Edwards,

2013). These findings have been corroborated by transcranial mag-

netic stimulation (TMS; Ni, Bahl, Gunraj, Mazzella, & Chen, 2013) and

effective connectivity (Wu et al., 2015) studies. The finding of

decreased lateralization of motor activation in drug-naïve PD is

entirely compatible with the “reduced inhibition - increased facilita-

tion” hypothesis.

While dopamine substitution is the backbone of PD treatment, lit-

tle is known about its interaction with the brain's adaptive mecha-

nisms. To our knowledge, no study thus far has investigated the

modulation of motor lateralization by long-term dopamine depletion,

nor the impact of the interaction between (mal)adaptive mechanisms

of non-drug-naïve PD and dopamine substitution therapy on motor

lateralization. Aiming to fill this gap, we designed an fMRI motor task

to study neural activity during right and left hand and foot movements

in PD patients on their usual dopaminergic medication, that is, the

“ON” state, and after withdrawal of medication, the “OFF” state, as

well as in healthy individuals.

Our objective was threefold. Firstly, we aimed to investigate

whether the decrease in the motor activation asymmetry previously

reported in drug-naïve PD patients (Wu et al., 2015) was present at

later stages of the disease in patients with long-term dopaminergic

treatment. Secondly, to identify the neural underpinnings of symmetry

changes, we set out to examine the patterns of contra- and ipsilateral

activations driving potential symmetry changes. Thirdly, we tested the

differential effect of PD pathology and subsequent dopaminergic

medication on the motor system by estimating effective connectivity

with dynamic causal modeling (DCM; Friston, Harrison, & Penny,

2003; Friston, 2004).

We hypothesized that (1) the lateralization of motor activation is

decreased in PD patients “OFF” medication, particularly during move-

ments of the predominantly affected body side; (2) dopamine substi-

tution in the “ON” state increases lateralization, at least partially

reinstating the pronounced asymmetry observed in healthy individ-

uals; (3) decreased lateralization is primarily the result of a (compensa-

tory) increase in ipsilateral cortical activation; (4) altered network

interactions in PD patients mirror lateralization changes observed

through the analysis of activation laterality, conducted to address

hypotheses (1) and (2), with dopamine administration partially rein-

stating “normal” connectivity. Hypothesis (1) has two possible implica-

tions: first, the cortical reorganization in PD leading to decreased

lateralization may constitute an adaptive mechanism of compensation,

whereby the relative contribution of the ipsilateral hemisphere is

increased to support the production of unilateral movement. Sec-

ondly, decreased lateralization may be due to a maladaptive mecha-

nism, whereby disease-related processes lead to a decrease in

contralateral activation. The implication of hypothesis (2) is that dopa-

mine replacement counteracts disease-related changes at the systems

level, either rendering adaptive compensation redundant or nullifying

maladaptive mechanisms. Hypothesis (3) implies that lateralization

decrease is an adaptive mechanism, governed by the ipsilateral cortex.

Finally, hypothesis (4) implies that cortical connectivity acts to com-

pensate for pathological input from the basal ganglia and that dopa-

mine substitution acutely obviates the need for the compensatory

decrease of lateralization.
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2 | MATERIALS AND METHODS

2.1 | Participants

Thirty-two patients with idiopathic PD and twenty-one age-matched

healthy controls (HC) were recruited from a tertiary care center for

movement disorders and from the community, respectively. Patients

were tested in two sessions, once after administration of their usual

dopaminergic medication and once after withdrawal of medication for

at least 23 hr. To be specific, patients were asked to stop taking their

medication at noon the day before their MRI. Given that no MRI took

place earlier than 11:00 a.m., the patients were off medication for at

least 23 hr at the time of the scan and often even longer. Half of the

patients, randomly selected, were tested first “OFF” and then “ON”

medication while the other half were tested first “ON” and then

“OFF.” The local ethics committee approved all protocols and all par-

ticipants provided written informed consent in accordance with the

Declaration of Helsinki.

Thirteen PD patients dropped out after the first session and were

not included in further analysis. Additionally, one of the HC partici-

pants was excluded due to severe head motion artifacts in the struc-

tural MRI scan. To ensure relative homogeneity of the sample, our

inclusion criteria were as follows: right-handedness for all participants,

left-side symptom dominance (and left-side symptom onset) and par-

ticipation in both “OFF” and “ON” sessions for the PD patients

(PD OFF and PD ON, respectively). Hand dominance was assessed

using the Edinburgh Handedness Inventory (Oldfield, 1971). At each

of the two sessions, the patients were examined using the UPDRS III

motor rating scale by three board-certified neurologists. UPDRS III

scores were used to determine the dominant body side of symptoms

and the main symptom type (see next section for details). The domi-

nant symptom type for all PD patients was akineto-rigidity rather than

tremor, reinforcing the relative homogeneity of the sample.

Ten PD patients (five females) and seventeen HC participants

(eight females) fulfilled the inclusion criteria. One additional HC partic-

ipant had to be excluded due to a lack of significant task-related acti-

vation in one of the volumes of interest (VOIs) used in the DCM

analysis. Thus, 16 HC participants (7 females) were included in the

study. For details see Table 1. There were no significant differences in

age or handedness between the PD patients and HC groups.

2.2 | Clinical phenotype

We analyzed the clinical phenotype of PD participants using UPDRS

III scores subdivided into three symptom categories — tremor, rigid-

ity, bradykinesia (see Table S1 in Supporting Information for details

about symptom categories and Table S2 for the resulting symptom-

specific subscores and laterality measures). We performed a linear

mixed model (LMM) analysis of symptom-specific subscores, using

medication status (“OFF” and “ON”) and symptom type (rigidity,

tremor, bradykinesia) as fixed effects and subject as a random effect.

Planned comparisons were carried out to identify any significant

between-medication status (within-symptom type) differences in

subscores.

Besides calculating a symptom- and limb-specific subscore, we

also estimated the laterality of the given symptom type using a

laterality index (LI) calculated according to Equation (1).

symptom-LI =
subscoreleft−subscoreright
subscoreleft + subscoreright

ð1Þ

Subscore laterality varies between −1 for pure right-side symptom

dominance and +1 for pure left side symptom dominance. While we

did not analyze symptom laterality further, we found that subscores

were on average left-lateralized for all symptom types individually and

for the summary measure, as expected given our inclusion criteria of

left-side symptom dominance.

We also sought to confirm the expected effect of medication on

clinical scores (i.e., a significant decrease in observed symptoms) and,

in particular, to investigate whether there is a discrepancy in the

effect of medication between the right and left body side and

TABLE 1 Clinical details of study subject sample

PD HC

Age (years) 61.60 ± 9.03

(47 – 73)

59.44 ± 8.88

(50 – 74)

Sex 5 females,

5 males

7 females,

9 males

Handedness OFF:

91.70 ± 15.69

(52.38 – 100)

76.61 ± 22.34

(27.27 – 100)

ON:

92.46 ± 13.62

(60 – 100)

MoCA OFF:

26.00 ± 2.75
–

ON:

27.30 ± 1.89

Hoehn and Yahr staging OFF:

–
1.72 ± 0.62

ON:

1.65 ± 0.63

UPDRS III OFF:

19.80 ± 8.34
–

ON:

15.80 ± 8.07

LED (mg/d) OFF:

–
–

ON:

681.90 ± 381.67

The levodopa equivalent dose (LED) was calculated for each Parkinson's

disease participant as described in Tomlinson et al. (2010). Continuous and

ordinal variable measures are given as (mean ± SD).
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between hands and feet. Thus, we performed an LMM analysis of the

dominating symptom (bradykinesia) subscores with medication status

(“OFF” or “ON”), body side (right or left) and limb (hand or foot) as

fixed effects and subject as a random effect. We modeled the main

effects and all interactions of the three fixed effects factors. Planned

comparisons were carried out to identify any significant between-

medication status (within-body side and within-limb) differences.

Throughout the study, analyses of mixed effects models were con-

ducted using the lme4 library (Bates, Maechler, Bolker, & Walker, 2015)

in RStudio (RStudio, 2012), the integrated development environment for

R (R Core Team, 2018), using Satterthwaite approximations to degrees of

freedom as implemented in the lmerTest library (Kuznetsova, Bro-

ckhoff, & Christensen, 2017). The p-values obtained through planned

comparisons were adjusted using the Bonferroni method, using an alpha

value of .05. The number of tests that were corrected for corresponded

to the total number of between-group comparisons (within each combi-

nation of levels of the other factors in the given analysis).

2.3 | MRI data acquisition

MRI data were acquired using a 3-T whole-body MRI system

(Magnetom Prisma, Siemens Medical Systems, Germany), using a

64-channel RF receive head coil and body coil for transmission. fMRI

data were acquired using a 3D EPI protocol at 2-mm isotropic resolu-

tion, with 3.328-s repetition time, 30-ms echo time and 15� flip angle

(Lutti, Thomas, Hutton, & Weiskopf, 2013). A 96 × 96 base resolution

was used, with 60 axial slices approximately parallel to the AC/PC line

covering the entire cortex, with 192-mm field of view. During the

scan, participants lay supine in the scanner and performed an

externally-paced motor task.

Anatomical data consisted of 1.5-mm isotropic multi-parameter

maps (Helms, Dathe, & Dechent, 2008; Helms, Dathe, Kallenberg, &

Dechent, 2008; Lutti, Dick, Sereno, & Weiskopf, 2014) and included a

magnetization transfer (MT) saturation image, which was used for

fMRI data preprocessing.

2.4 | Experimental design

Inside the scanner, participants performed cued movements of each

of the four limbs in a block design, with 16-s blocks alternating with

16-s rest periods. A 3-s countdown period preceded each block and

consisted of written instructions displayed on the screen, indicating

which limb was to be moved in the upcoming block. Within a block,

movements were externally paced at a frequency of 0.5 Hz by means of

visual cues in the form of symbols representing the limb to be moved.

The experimental design comprised 5 blocks for each limb, with 8 cued

movements per block, for a total of 40 cued movements per limb.

Hand movements involved squeezing a fist-sized rubber ball, while

foot movements entailed pressing a foot pedal with an equally-sized

rubber ball underneath. The rubber balls were connected to a custom

MR-compatible device, which, through a system of pneumatic tubes

and air-pressure sensors, recorded force levels in arbitrary units at a

500-Hz sampling rate. The recorded force values were converted into

Newtons using an empirically-derived transfer function separately for

the hand and foot recording systems.

It is important to note that our goal was not to elicit behavioral

differences between healthy controls and patients; the motor execu-

tion task was physically and cognitively undemanding. Rather, we

were interested in disease- and medication status-related differences

that were independent of between-group differences in motor

performance.

2.5 | Behavioral data analysis

For each subject and each movement condition (right hand, left hand,

right foot, left foot), we calculated the average percent correct and

force of movements across all blocks. We conducted a multivariate

LMM analysis of the behavioral data, including a dummy variable fixed

effect corresponding to the type of behavioral measure (percent cor-

rect, force), modeled with random slopes. We used group (PD OFF,

PD ON, HC), body side (right, left) and limb (hand, foot) as fixed

effects and subject as a random effect. We modeled the main effects

and all interactions of the dummy variable fixed effect and three non-

dummy fixed effects factors. Age, sex and handedness were also

included as fixed effects and used as covariates. Planned comparisons

were carried out to identify any significant between-group (within-

body side and within-limb) differences. The p-values obtained through

planned comparisons were adjusted using the Bonferroni method.

When comparing all three groups, we did not account for repeated

measures between the PD OFF and PD ON groups. While this design is

not strictly correct, we have assumed that the variance related to medi-

cation status is significantly higher than the intersubject variance.

2.6 | MRI data preprocessing

Imaging data preprocessing, statistical analysis, and dynamic causal

modeling were done using the statistical parametric mapping (SPM),

software package (SPM12, Wellcome Trust Centre for Neuroimaging,

London, UK, http://www.fil.ion.ucl.ac.uk) in MATLAB 9.1 (The

MathWorks, Inc., Natick, MA). Functional images were spatially

realigned to the mean of the whole time-series using rigid-body trans-

formations to correct for head motion. A B0 field map image acquired

during the session was then used to correct for EPI image distortion.

The anatomical (MT) image was co-registered to the mean fMRI vol-

ume using mutual information. A study-specific template was built

using the diffeomorphic spatial registration tool DARTEL (Ashburner,

2007). The realigned, bias-corrected functional images were then spa-

tially registered to the standardized Montreal Neurological Institute

space using the parameters estimated in DARTEL. Finally, all images

were spatially smoothed with a 6-mm full-width-at-half-maximum

kernel.

2.7 | FMRI data analysis

First-level analysis consisted of a general linear model (GLM) with one

regressor for each “correct” and “incorrect” limb movement.
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“Incorrect” movements were defined to include both wrong one-limb

movements and simultaneous movements of more than one limb

within the same 2-s interval following the cued onset. The

corresponding eight movement regressors modeled movements as

events (0-s duration) and timed them according to the presentation of

visual cues. An additional regressor modeled the 3-s countdown

periods before each block. Six motion covariates that resulted from

the motion correction preprocessing step were also included in the

design to account for additional head motion-related variance. The

time-series in each voxel was high-pass filtered at 1/128 Hz to

remove low-frequency drifts, and regressors were convolved with a

canonical hemodynamic response function.

The parameter estimates for the four “correct” movement condi-

tions were used at the group level as the dependent variable in a full-

factorial two-factor repeated-measures analysis of variance (ANOVA),

with body part moved as a within-subject factor and group as a

between-subject factor. The purpose of this ANOVA was to find

group activation maxima within anatomically predefined regions of

interests (ROIs) to be used in the VOI definition procedure for the

DCM analysis. Activation maxima found in three separate single-

group ANOVAs were not notably different from those identified in

the general three-group ANOVA.

Notably, we did not find any between-group differences through

the mass-univariate ANOVA at p < .05, FWE-corrected. The lack of

significant between-group differences is consistent with previous

fMRI studies of PD (e.g., Michely et al., 2015). In terms of the com-

monalities between groups, results were perfectly consistent with the

activations that have previously been reported during unilateral move-

ment, that is, extensive activation in contralateral motor cortex (pri-

mary motor cortex, supplementary motor area, premotor cortex), as

well as contralateral basal ganglia and ipsilateral cerebellum. We

include the blood oxygen-level dependent (BOLD) activation results in

Supporting Information (Figures S1 and S2).

We focused on key cortical regions of the motor network: the

hand and foot regions of the primary motor cortex (hM1 and fM1,

respectively), the supplementary motor area (SMA) and the ventral

premotor cortex (vPMC). The model included eight bilateral ROIs:

right and left hand and foot M1 (RhM1, LhM1, RfM1, LfM1, respec-

tively), right and left supplementary motor area (RSMA, LSMA) and

right and left ventral premotor cortex (RvPMC, LvPMC). For details

see Figure 1 and Table 2. Individual ROI locations can be found in

Table S6.

To establish a clear link between the parts of our hypothesis

related to contra- and ipsilateral BOLD signal change and effective

connectivity (hypotheses [3] and [4]) and to account for intersubject

variability in motor activations (Nieto-Castañón & Fedorenko, 2013),

we used the same motor ROIs throughout our analysis.

2.8 | Analysis of activation laterality

To address hypotheses (1) and (2), we estimated motor activation (a)sym-

metry using a threshold-free LI measure (Matsuo, Chen, & Tseng, 2012).

This method overcomes one of the key limitations of the classical LI,

namely the critical dependence of LI estimates on the chosen statistical

threshold (Seghier, 2008). In this method, one first calculates “subordinate-

LIs” (sub-LIs) using the subject-level SPM t-value map corresponding to

the pertinent condition, consecutively thresholding at each of the positive

t-values of the voxels within the given ROI, as given by Equation (2).

sub-LI =
tleft−tright
tleft + tright

ð2Þ

where tleft and tright are the sums of the t-values at and above the

threshold in the left and right hemispheres, respectively. The final mea-

sure, the average LI (AveLI), is then calculated as the mean of all sub-LIs

for the given condition. Its value varies between −1 for pure right hemi-

spheric dominance and +1 for pure left hemispheric dominance. We cal-

culated the AveLI separately for each subject and for each of the four

movement conditions. Since our goal in this step of analysis was to

explore whether we could replicate previously reported results in drug-

naïve PD patients (Wu et al., 2015), we applied the same preprocessing

step when calculating the LI. That is, to reflect the typical laterality of

the motor system, the supra-threshold t-values in the right cerebellum

were included in tleft and those in the left cerebellum were included in

tright in the above equation. This step is related to the fact that, whereas

in the basal ganglia and the cortex, unilateral movements elicit contra-

lateral activation, in the cerebellum, activation is primarily ipsilateral.

We conducted an LMM analysis of the AveLI, using group, body

side and limb as fixed effects and subject as a random effect. We

modeled the main effects and all interactions of the three fixed effects

factors. Age, sex, and handedness were included as fixed effects and

used as covariates. Planned comparisons were carried out to identify

any significant between-group (within-body side, within-limb) differ-

ences. The p-values obtained through planned comparisons were

adjusted using the Bonferroni method.

2.9 | VOI definition

The VOI definition procedure was based on the work of Heim et al.

(2009) and Pool, Rehme, Fink, Eickhoff, & Grefkes (2013). For each

subject and each ROI, we identified the individual local maximum

(p < .05, uncorrected) that was closest to the group maximum within a

2-cm-radius spherical search volume and within the same atlas-

defined anatomical region. Group maxima were identified using con-

tralateral hand/foot movement contrast for right and left h/fM1 ROIs,

respectively, and through a conjunction analysis of contralateral limb

(hand and foot) conditions for the remaining ROIs (SMA, vPMC). For

each VOI, time series were extracted as the first eigenvariate of the

BOLD time series within an 8-mm-diameter sphere centered on the

local maximum, adjusted for effects of interest (an F-contrast over

the “correct” limb movements). Two exclusive masks were used to

further constrain the local maxima: a box mask of 8-mm width centered

on the midline was used to guarantee that VOIs did not overlap with

the contralateral hemisphere; an eroded image of the ICV (intracranial

volume) ensured that the VOI spheres did not fall outside of the brain.
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If there was no significant activation within the 2-cm-radius sea-

rch volume of the group peak for one or more of the ROIs, the subject

was removed from further analysis. This was the case for one HC par-

ticipant (no activation in bilateral vPMC).

2.10 | Percent BOLD signal change analysis

To address hypothesis (3) by distinguishing between the various sce-

narios which could explain differences in laterality (Figure 2), we next

quantified contralateral and ipsilateral activation magnitudes in per-

cent BOLD signal change (PSC) using the Marsbar toolbox (http://

marsbar.sourceforge.net; Brett, Anton, Valabregue, & Poline, 2002).

For each subject and each movement condition, we estimated the

mean contralateral and ipsilateral PSC within each cortical ROI.

We conducted an LMM analysis of the PSC analogous to the one

for AveLI, using group, body side, limb, and laterality (contra- or ipsi-

lateral) as fixed effects and subject as a random effect. Age, sex and

handedness were included as fixed effects and used as covariates.

Planned comparisons were carried out to identify any significant

between-group (within-body side, within-limb, within-laterality) differ-

ences. The p-values obtained through planned comparisons were

adjusted using the Bonferroni method.

In a supplementary analysis, we constructed an analogous LMM

on the differences between contralateral and ipsilateral PSC, using

group, body side and limb as fixed effects and subject as a random

effect.

2.11 | Dynamic causal modeling

In dynamic causal modeling, the brain is considered to be a determin-

istic nonlinear input–state–output dynamic system of nodes in a

predefined anatomical network (Friston, 2004; Friston et al., 2003).

The model is defined by a set of neural parameters representing

the effective connectivity of the network: the DCM.A matrix —

endogenous connectivity between nodes, the DCM.B matrix — input-

dependent modulation of connectivity between nodes, and the DCM.

C matrix — the direct driving effects of the input.

To address hypothesis (4), we computed the effective connec-

tivity between key motor areas of the cortical nonmirroring

TABLE 2 Anatomical location descriptions of ROIs used in the
present study and corresponding group-level peak coordinates

Region Anatomical location

Coordinates (mm)

x y z

RhM1 Right M1 (hand area), BA4 36 −23 54

LhM1 Left M1 (hand area), BA4 −38 −23 54

RfM1 Right M1(foot area), BA4 4 −31 67

LfM1 Left M1 (foot area), BA4 −4 −36 63

RSMA Right supplementary motor area 6 1 59

LSMA Left supplementary motor area −5 −7 66

RvPMC Right ventral premotor cortex, BA6 57 12 17

LvPMC Left ventral premotor cortex, BA6 −57 8 17

F IGURE 1 Topography of the clusters containing group-level BOLD activation maxima within the regions of interest (ROIs) used in the
current study. (A) Primary motor cortex ROI peak activation clusters for the four experimental conditions (right hand movement results in LhM1
activation, left hand movement results in RhM1 activation, right foot movement results in LfM1 activation, and left foot movement results in

RfM1 activation; p < .05, FWE corrected). (B) SMA and vPMC peak activation clusters for two conjunction analyses (right hand movement \ right
foot movement results in LSMA and LvPMC activation, left hand movement \ left foot movement results in RSMA and RvPMC activation; MNI
z = 17 in cut-outs; p < .001, uncorrected). Only those clusters containing group-level peaks are shown. Maxima used for VOI extraction procedure
are circled and labeled [Color figure can be viewed at wileyonlinelibrary.com]
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network — RhM1, LhM1, RfM1, LfM1, RSMA, LSMA, RvPMC, LvPMC,

using a bilinear DCM. Endogenous connectivity between the ROIs

was based on previous DCM studies of upper and lower limb motor

network connectivity (Grefkes, Eickhoff, Nowak, Dafotakis, & Fink,

2008; Pool, Rehme, Fink, Eickhoff, & Grefkes, 2014; Volz, Eickhoff,

Pool, Fink, & Grefkes, 2015; Wang & Liu, 2015). For the full DCM, see

Figure 3.

2.12 | DCM model space

We designed the model space so as to characterize the laterality

and structure of the input-modulatory (DCM.B) motor network con-

nectivity (Figure 4). The resulting model space consisted of

75 models, divided into five laterality model families and 15 struc-

ture model families, described below. Each of the 75 models

belonged to one laterality model family and one structure model

family.

In order to characterize the laterality of motor network connectiv-

ity, we considered five laterality model families: (1) symmetrical,

(2) contralaterally-lateralized, (3) ipsilaterally-lateralized, (4) left-

lateralized, and (5) right-lateralized. Symmetrical models contained

connections targeting both hemispheres, whereas lateralized models

contained connections targeting the contralateral/ipsilateral/left/right

hemisphere. The reference for the contra- and ipsilaterally-lateralized

models was the input condition, i.e., the connections in the

contralaterally-lateralized model targeted the left hemisphere for

the right hand and right foot movement conditions and, respectively,

the right hemisphere for the left hand and left foot movement

conditions.

We characterized the structure of the estimated connectivity

networks by the presence or absence of the following types of con-

nectivity: interhemispheric, homotopic, intrahemispheric, and self-

inhibitory. Interhemispheric connections were defined as those whose

source and target nodes lay in different hemispheres, excluding homo-

topic connections, e.g., the connection RhM1 à LSMA. Homotopic

connections were defined as those connecting homologous ROIs,

e.g., the connection RhM1 à LhM1. Intrahemispheric connections

were defined as those whose source and target nodes lay within the

same hemisphere, excluding self-inhibitory connections, e.g., the con-

nection RSMA à RhM1. Finally, self-inhibitory connections were

defined as those whose source and target nodes were one and the

same, e.g., the connection RhM1 à RhM1. While self-inhibitory con-

nections are a subset of intrahemispheric connections and homotopic

connections are a subset of interhemispheric connections, we consid-

ered intrahemispheric connections to include all intrahemispheric con-

nections except for those which are self-inhibitory, and, analogously,

interhemispheric connections were considered to be all inter-

hemispheric connections with the exception of homotopic connec-

tions. We considered all possible combinations of the presence or

absence of the four types of connectivity, which yielded 15 structure

model families.

The two factors, laterality and structure, represented by the model

families described above, were fully crossed, yielding 75 models in

total. For a full representation of the model space, please refer to

Figures S3–S5 in Supporting Information.

2.13 | Parametric empirical BAYES

We used parametric empirical Bayes (PEB) to estimate between-group

commonalities and differences in connectivity strengths (Friston et al.,

2015; Friston, Zeidman, & Litvak, 2015; Litvak, Garrido, Zeidman, &

Friston, 2015). In this approach, one constructs a PEB model — a

group-level GLM, over the first-level DCM parameter estimates,

enabling the evaluation of group effects and between-subject

F IGURE 2 Possible
contralateral-ipsilateral activation
scenarios leading to a decrease in
activation laterality. “Normal”
lateralization, that is, as seen in
healthy participants (b), could also
occur in participants with either
concurrent increase (a) or
concurrent decrease (c) in both
contralateral and ipsilateral
activation. On the other hand, a
decrease in lateralization could
arise from one of three possible
scenarios: (d) an increase in
ipsilateral activation, (e) a
decrease in contralateral
activation, or (f) a concurrent
increase in ipsilateral and
decrease in contralateral
activation [Color figure can be
viewed at wileyonlinelibrary.com]
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variability. Next, one can compare the full PEB model to nested PEB

models in which some of the connections from the full model are

absent. This can either be done by comparing specific hypotheses, as

in the case of the standard approach which uses a predefined model

space, or by pruning away parameters of the PEB based on their (lack

of) contribution to the model evidence. This second approach is

equivalent to searching over the models nested within the full model.

The output of the PEB procedure is a group-level PEB model, which

contains estimates of group-level connection strengths and their pos-

terior probabilities (Pp). SPM12 includes an implementation of the

PEB modeling approach.

We first estimated the full model (Figure 3) for all subjects and used

Bayesian model reduction to estimate models 2 – 75 (Figure 4). We

then built separate PEB models for the (full) DCM.A, DCM.B, and DCM.

C connectivity matrices. In the group-level GLM of each PEB model, we

included three regressors, which modeled the between-group common-

alities, the effect of disease and the effect of medication, respectively.

Between-group commonalities were modeled as a column of ones. The

effect of disease was modeled as the comparison between PD OFF and

HC, with ones in rows corresponding to PD OFF patients, zeros in rows

corresponding to PD ON patients and negative ones in the rows

corresponding to HC subjects. The effect of medication was modeled

as the comparison between PD OFF and PD ON, with ones in the rows

corresponding to PD OFF patients, negative ones in rows corresponding

to PD ON patients and zeros in the rows corresponding to HC subjects.

The second and third regressors were then mean-centered in order to

endow the first (group mean) regressor with the interpretation of being

the average across all subjects.

Here, we had to account for a practical consideration intrinsic to

the PEB framework, i.e., that the model comparison procedure is only

carried out on the first regressor (mean) and the second regressor

(first group difference). Therefore, to ask which of the 75 models are

the best explanations for disease and medication effects, we ran the

model comparison procedure twice, with different orders of regres-

sors in the design matrix (first: mean, disease status, medication sta-

tus; and second: mean, medication status, disease status).

For the DCM.A and DCM.C PEB models, we did not have specific

hypotheses regarding the structure of group-level effects, thus we

conducted a search over nested models using the PEB pruning algo-

rithm. Meanwhile, for the DCM.B PEB model, we conducted Bayesian

model family selection — selecting the winning model family in terms

of both laterality (laterality model families) and structure (structure

model families) — and Bayesian model selection — comparing all

75 models in the model space. In both the hypothesis-free pruning

and the model-based approaches, we obtained Bayesian model aver-

ages (BMA), corresponding to connection strengths across models,

weighted by the contributing models' probabilities. We used the BMA

results to visualize the connectivity corresponding to the commonali-

ties and disease- and medication-related differences.

As a final analysis, we characterized the between-group differ-

ences, classifying each connection into one of four categories:

increased excitation, reduced excitation, increased inhibition and

reduced inhibition. This characterization was done on the BMA

results. The categorization was based on the concomitant statistical

significance of both the parameter corresponding to the given

between-group difference and the parameter corresponding to com-

monalities between groups. Thus, the category increased excitation

was applied to a connection if the commonalities parameter was sig-

nificantly (Pp > 0.75 throughout) greater than zero and the between-

group difference parameter was also significantly greater than zero;

the category reduced excitation was applied to a connection if the

commonalities parameter was significantly greater than zero and the

between-group difference parameter was significantly smaller than

zero; and so on for the remaining categories. Parameters with confi-

dence intervals crossing zero were considered to have an indetermi-

nate sign and were not included in the categorization.

F IGURE 3 Full dynamic
causal model (DCM), including
eight nodes — bilateral hM1, fM1,
SMA, and vPMC. The arrows
between the nodes of the cortical
motor network represent the
endogenous connectivity (DCM.A
matrix), as well as the modulatory
influences (DCM.B matrix) of the
full model, where all possible
modulatory connections are
present. The four darker shaded
nodes represent the targets of
the driving input (DCM.C matrix),
consisting of right hand, left hand,
right foot, and left foot
movements [Color figure can be
viewed at wileyonlinelibrary.com]
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F IGURE 4 Legend on next page.
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3 | RESULTS

3.1 | Clinical phenotype results

LMM analysis of UPDRS III symptom type-specific subscores revealed sig-

nificant main effects of symptom type and medication status (Table S3).

The main effect of symptom type reflects the findings that subscores for

bradykinesia were higher than for the remaining symptom types, in accor-

dance with bradykinesia being the main symptom type in our cohort. The

main effect of medication status (PD OFF vs. PD ON) reflects the finding

that symptom type-specific subscores were higher in PD OFF than in PD

ON, as would be expected given the effects of dopamine replacement.

Moreover, we observed a significant symptom type ×medication status

interaction, driven by a significant between-medication status difference in

bradykinesia subscores as revealed through planned comparisons

(p = 2.26E−3, t[33.33] = 3.31). Between-medication status differences were

not significant for the remaining two symptom types (rigidity and tremor).

A more detailed analysis of bradykinesia subscores (Table S4) rev-

ealed significant main effects of medication status (with higher scores

in PD OFF), body side (higher scores on left side) and limb (higher

scores for upper limbs). Planned comparisons did not reveal any signif-

icant between-medication status (within-body side, within-limb) dif-

ferences in the analysis of bradykinesia subscores. However, the

finding of interest here was the main effect of medication status, con-

firming the effects of medication on clinical scores.

3.2 | Behavioral results

Behavioral results, including percent correct and force of movements

for each of the four limb movement conditions, can be found in

Figure 5. Multivariate LMM analysis of percent correct of movements

and force as registered during the fMRI session showed neither a

main effect of group nor an interaction between group and any of the

other factors (see Table S7). We did, however, observe a significant

main effect of limb, with relatively fewer correct movements and wea-

ker movements being carried out by the feet as compared to the

hands. We also observed a significant interaction between behavioral

measure (percent correct/force) and limb, related to the greater dis-

parity in force levels between hand and foot movement conditions, as

compared to that of accuracy levels. These findings were not of inter-

est per se as we were not interested in comparing hand and foot

movement-related brain activation or connectivity but rather in the

commonalities between them.

Finally, we observed a significant three-way interaction — behavioral

measure × body side × limb — related to the fact that while accuracy

levels where on average comparable across body side, force levels were

higher during dominant (right) than left hand movements and vice versa

for foot movements. We do not have a good explanation for this finding,

as handedness and footedness should be ipsilateral.

Nevertheless, what interested us most was whether or not there

were any between-group differences. Planned comparisons revealed

significant between-group differences only in terms of the force of

right hand movement, between PD OFF and HC (p = 3.92E−3,

t[90.95] = 3.32) and between PD OFF and PD ON (p = 3.24E−2,

t[88.83] = 2.60). These findings were related to decreased force of

movement in the PD OFF group. As noted in Section 2, our goal was

not to elicit behavioral differences between healthy controls and

patients but rather to make the task simple enough so that PD

patients could execute it at the same level as healthy controls. How-

ever, the patients included in the study all had bradykinesia as their

main symptom type, meaning that the time from movement cue onset

to peak force was longer than for healthy controls. We believe this to

be the source of the observed decrease in right hand movement force

in PD OFF and the reinstatement of force in PD ON.

Notably, the force of movement has been reported to correlate with

both amplitude and extent of fMRI activation. It is unclear whether this

finding affects our chosen ROIs. Some studies have reported widespread

correlations with force across motor areas (Dai, Liu, Saghal, Brown, &

Yue, 2001; Omrani, Kaufman, Hatsopoulos, & Cheney, 2017), while in

other cases, the only reported region that overlapped with our ROIs was

M1 (Ward & Frackowiak, 2003; Ward, Swayne, & Newton, 2008). To

our knowledge, no study thus far has considered the effect of force of

movement on effective connectivity within the cortical motor network.

We addressed this issue in supplementary analyses of PSC and effective

connectivity (see Supporting Information). In short, we did not find any

significant correlations between force and PSC nor force and effective

connectivity, and so we have omitted force from the rest of our analysis.

3.3 | Activation laterality results

Addressing hypotheses (1) and (2), we estimated the AveLI for each of

the four movement conditions, for each subject within the three

groups — PD OFF, PD ON, and HC (Figure 6). Since right hemispheric

dominance is represented by negative AveLI values, for presentation

purposes in comparing AveLI amplitudes between body sides, the sign

of AveLI values for left hand and foot movement has been changed to

positive.

LMM analysis revealed significant main effects of group and limb

(for details, see Table S8), with generally higher AveLI values observed

in the HC group than in the PD groups and higher AveLI values in the

hand than in the foot movement conditions. Planned comparisons

F IGURE 4 The architecture of models in the DCM model space could be described by two factors: laterality and structure, which were
modeled by five laterality model families (top) and 15 structure model families (bottom). The two factors were fully crossed, yielding a total of
75 models. The DCM model space was designed to test hypotheses about the architecture of the DCM.B matrix of input-modulatory
connectivity for the four movement conditions: Left hand, right hand, left foot and right foot. We tested five laterality model families:
(1) symmetrical, (2) contralaterally-lateralized, (3) ipsilaterally-lateralized, (4) left-lateralized, and (5) right-lateralized, and 15 structure model
families, which varied according to the presence or absence of various types of connections: interhemispheric (IE), homotopic (H),
intrahemispheric (IA), and self-inhibitory (S) [Color figure can be viewed at wileyonlinelibrary.com]
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revealed significant between-group differences in the following

instances: left hand movement — between PD OFF and HC

(t[102.59] = 3.19, p = 5.66E−3) and between PD ON and HC (t

[101.96] = 3.08, p = 8.09E−3), right hand movement — between PD

OFF and HC (t[102.59] = 2.82, p = 1.72E−2) and PD ON and HC (t

[101.96] = 3.02, p = 9.68E−3), left foot movement — between PD

OFF and HC (t[102.59] = 3.05, p = 8.66E−3) and between PD ON and

HC (t[101.96] = 3.02, p = 9.60E−3).

In summary, we found that AveLI measures of the PD partici-

pants were not restored to HC levels by dopamine substitution in

the “ON” session. The AveLI measures of the PD ON group were

consistently at similar levels to those of PD OFF across all move-

ment conditions.

3.4 | Percent bold signal change results

Addressing hypothesis (3), we estimated the PSC for each of the four

movement conditions, within each ROI, for each subject within the

three groups (Figure 7). The results of the multivariate LMM analysis of

PSC are presented in Table S9. Here, we were most interested in the

differential presence of between-group differences across the four limb

conditions and across ROIs. A significant full interaction —

F IGURE 5 Behavioral results.
The hand/foot icons at the top of
the figure represent the body part
(LH — left hand, RH — right hand,
LF — left foot, RF — right foot)
being moved in the corresponding
condition. Top row: average
percent correct of movements,
per limb for each group. Values
represent the percentage of
correct movements of the total
cued movements for the given
limb. Bottom row: average force

per limb for each group. Error
bars represent 95% confidence
intervals. Any significant
between-group (within-body side,
within-limb) differences are
indicated (* p < .05, ** p < .01,
Bonferroni-corrected) [Color
figure can be viewed at
wileyonlinelibrary.com]

F IGURE 6 Average laterality index (AveLI) for each experimental condition. The hand/foot icons at the top of the figure represent the body
part (LH — left hand, RH — right hand, LF — left foot, RF — right foot) being moved in the corresponding condition. Since right hemispheric
dominance is represented by negative AveLI values, for the sake of clarity of the visual representation, the sign of AveLI values for left hand and
foot movement has been changed. Error bars represent 95% confidence intervals. Any significant between-group (within-body side, within-limb)
differences are indicated (* p < .05, ** p < .01, Bonferroni-corrected) [Color figure can be viewed at wileyonlinelibrary.com]
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group × body side × limb × ROI × laterality, would indicate the differ-

ential presence of between-group differences between the different

combinations of the remaining fixed effects — right versus left body

side, hands versus feet, M1 versus SMA versus vPMC, and contra- ver-

sus ipsilateral ROIs. The effect of “laterality” was not of interest per se,

as it was evident that contra- and ipsilateral activations would be highly

different, particularly in M1. While the full interaction was not signifi-

cant, the four-way group × body side × ROI × laterality interaction was.

Planned comparisons revealed significant between-group differ-

ences in the left hand movement condition in contralateral M1 —

between PD OFF and HC (t[268.04] = 3.37, p = 2.61E−3) and

between PD OFF and PD ON (t[313.82] = 2.31, p = 6.39E−2), in the

right hand movement condition in contralateral M1 — between PD

OFF and HC (t[268.04] = 2.68, p = 2.32E−2), in the left foot move-

ment condition in contralateral SMA — between PD ON and HC

(t[264.41] = 2.51, p = 3.80E−2) and in the right foot movement condi-

tion in ipsilateral SMA — between PD ON and HC (t[264.41] = 2.37,

p = 5.53E−2). In summary, we found significant between-group differ-

ences primarily in terms of contralateral PSC, with dopamine substitu-

tion reinstating “normal” activation magnitude. However, there were

also instances of medication-related abnormalities in the absence of

disease-related alterations of PSC, that is, significant differences in

PD ON versus HC but not PD OFF versus HC.

In a supplementary analysis, we examined the differences

between contralateral and ipsilateral PSC across movement conditions

and ROIs (Figure S6 and Table S10 in Supporting Information). The

results are described in detail in the Supporting Information, but the

key finding was that significant PD OFF versus HC differences were

present only in the M1 and significant PD ON versus HC differences

were present only in the SMA. Considering the results of the two PSC

analyses (i.e., contra- and ipsilateral PSC separately and differences

between contra- and ipsilateral PSC), we found that the decrease in

laterality observed in the AveLI analysis may be the result of either a

decrease in contralateral PSC or a simultaneous decrease in contralat-

eral and increase in ipsilateral PSC. However, our results do not offer

proof of an isolated increase in ipsilateral PSC in the considered ROIs.

3.5 | DCM model comparison results

To address hypothesis (4), we estimated the effective connectivity

corresponding to commonalities between groups and to between-group

differences representing the effect of the disease (PD OFF vs. HC) and

the effect of medication (PD OFF vs. PD ON), using DCM. We then

conducted model (family) comparisons, in order to determine the archi-

tecture of group-level effects in terms of task-specific modulation. In

the case of model family comparisons, we separately compared the

laterality model families and the structure model families (see Figure 4

for the definition of model families). Figures 8 and 9 show the model

family and model comparison results, respectively.

F IGURE 7 Percent BOLD signal
change in contralateral and ipsilateral
regions of interest for each
experimental condition. The
hand/foot icons at the top of the
figure represent the body part (LH —
left hand, RH — right hand, LF — left
foot, RF — right foot) being moved in
the corresponding condition. Error
bars represent 95% confidence
intervals. Any significant between-
group (within-body side, within-limb,
within-ROI) differences are indicated
(. p < 0.1, * p < .05, ** p < .01,
Bonferroni-corrected) [Color figure
can be viewed at
wileyonlinelibrary.com]
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For between-group commonalities, the winning laterality model

family was family 1 (Pp = 1), corresponding to a symmetrical net-

work, while the winning structure model family was Family 4 (Pp = 1),

corresponding to a network which includes interhemispheric, intra-

hemispheric and self-inhibitory but not homotopic connections.

Out of the 75 models in the full model space, model 16 was shown

to best fit the data (Pp = 1). This model is at the intersection of the

two model families — laterality and structure — which won the

model family comparisons and corresponds to a symmetrical net-

work made up of interhemispheric, intrahemispheric, and self-

inhibitory connections.

For the between-group comparison corresponding to the effect of

disease (PD OFF vs. HC), the winning laterality model family by far was

Family 3 (Pp = 0.84), corresponding to an ipsilaterally-lateralized net-

work of connections. The winning structure model family was Family

13 (Pp = 0.84), corresponding to models containing only homotopic

connections. The only other structure model family with a posterior

probability above zero was Family 13 (Pp = 0.16), corresponding to

models containing only self-inhibitory connections. The overall winning

model was Model 63 (Pp = 0.79), which was, again, at the intersection of

the two winning model families. The model consists of an ipsilaterally-

lateralized network of homotopic connections.

The winning laterality model family for comparison corresponding

to the effects of medication (PD OFF vs. PD ON) was Family

2 (Pp = 0.66), corresponding to a network of contralaterally-lateralized

connections. As in the PD OFF vs. HC comparison, the winning struc-

ture model family was Family 13 (Pp = 0.82). The overall winning

model was Model 62 (Pp = 0.66), corresponding to a contralaterally-

lateralized network of homotopic connections.

In summary, between-group commonalities were best described by a

symmetrical network of connections which included interhemispheric,

intrahemispheric and self-inhibitory connectivity, that is, all connection

types except for homotopic. The between-group differences corresponding

to both the effects of disease and of medication were characterized as net-

works of homotopic connections, albeit ipsilaterally-lateralized in the case

of the former and contralaterally-lateralized in the case of the latter.

3.6 | Effective connectivity results

We next characterized between-group commonalities and differences

in effective connectivity by conducting Bayesian model averaging —

hypothesis-free in the case of endogenous connectivity and task-

specific model input, and hypothesis-driven in the case of task-

specific modulation (Figure 10). In order to aid with interpretation, we

classified between-group differences into the following categories:

increased excitation, decreased excitation, increased inhibition,

decreased inhibition (Figure 11).

3.6.1 | Endogenous connectivity

Endogenous connectivity, as estimated in the DCM.A matrix, refers

to coupling that remains constant throughout the experimental time

course regardless of the experimental condition. In terms of

between-group commonalities, the DCM.A matrix revealed a largely

F IGURE 8 Results of
Bayesian model family
comparison for between-group
commonalities and differences.
Left column of bar graphs:
laterality model family, right
column: structure model family.
The y-axis corresponds to the
posterior probability, whereas the
x-axis corresponds to the model
families within the given type of
model family. Five laterality
model families (1 — symmetrical,
2 — contralaterally-lateralized, 3
— ipsilaterally-lateralized, 4 —
left-lateralized, 5 — right-
lateralized) and 15 structure
model families (see Figure 4) were
compared
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symmetrical network of connections, with excitatory connectivity

between the primary motor areas and inhibitory connectivity

between premotor and supplementary motor areas (Figure 10, top

left panel).

The between-group comparison corresponding to effect of dis-

ease revealed negative connections mostly targeting regions in the

right hemisphere and positive connections originating, for the most

part, in the right hemisphere. However, positive and negative connec-

tions (i.e., parameter estimates) should be interpreted in terms of

increased excitation versus decreased inhibition and decreased excita-

tion versus increased inhibition, respectively. Thus, interpreting the

effect of disease in view of between-group commonalities, differences

could be classified as reduced inhibition — particularly for connections

originating in the RvPMC — or decreased excitation — for connections

targeting Rh/fM1 (Figure 11, left panel).

The between-group comparison corresponding to effect of medica-

tion revealed a network of mostly positive connections. The network was

mostly symmetrical, with the exception of the few negative connections,

which targeted the right hemisphere. Our characterization analysis

showed that the between-group differences could be classified as either

reduced inhibition or reduced excitation, with the former observed in

premotor areas and the latter observed mainly in primary motor areas.

3.6.2 | Task-specific model input

We defined the premotor regions (bilateral SMA and vPMC) to be the

input nodes, that is, the sites at which the motor task impact enters the

network, estimated as the DCM.C matrix (Figure 10, top right panel). In

terms of between-group commonalities, all parameter estimates were sig-

nificantly (Pp > 0.75) different from zero. All connections were positive.

The group-level comparison corresponding to the effect of disease

showed a negative parameter estimate from the most affected (left)

hand to the RSMA, corresponding to reduced excitation (Figure 11,

left panel). This finding makes sense given that the left hand was most

affected by the disease and the cortical output of the basal ganglia is

known to be reduced in PD (Blesa et al., 2011). The group-level com-

parison corresponding to the effect of medication did not show any

significant differences (even at Pp > 0.5).

3.6.3 | Task-specific modulation

The DCM.B matrix models the input-dependent modulation of

connectivity — in this case, the specific changes in neural coupling

induced by right/left hand/foot movements (Figure 10, bottom panel).

The between-group commonalities could be modeled by a network

which was symmetrical and almost fully connected, containing inter-

hemispheric, intrahemispheric, and self-inhibitory connections. Gener-

ally, the M1 contralateral to the given movement condition (e.g., LhM1

for right hand movement) was the target of positive connections from

all or almost all secondary motor regions and was the source of mostly

inhibitory connections to other regions. There were also positive con-

nections targeting the M1 ipsilateral to the limb being moved, though

they were not as numerous as those targeting the contralateral M1.

The effects of disease and medication could be modeled by net-

works of ipsilaterally- and contralaterally-lateralized homotopic

connections, respectively. Since the parameters of the BMA

F IGURE 9 Results of
Bayesian model comparison for
between-group commonalities
and differences. The y-axis
corresponds to the posterior
probability, whereas the x-axis
corresponds to the 75 models
within the model space (see
Figure 4)
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corresponding to between-group commonalities did not contain sig-

nificant homotopic connections, it was not possible to interpret

the sign of the parameters in terms of increased/reduced

excitation/inhibition. Thus, we interpret the findings solely based on

whether parameter estimates were positive or negative.

In the case of the effect of disease, the connections between the

relevant contralateral and ipsilateral M1s were negative in the case of

all conditions except right hand movement, in which case the parame-

ter estimate was positive. By “relevant” M1, we mean hM1 in the case

of the hand movement condition and fM1 in the case of the foot

movement condition. The connections from contra- to ipsilateral second-

ary motor regions were all negative in the case of the two hand movement

conditions, whereas in the foot movement conditions, one of the parame-

ter estimates — RSMA à LSMA in the case of left foot movement and

LvPMC à RvPMC in the case of right foot movement — was positive. In

summary, 9 out of 12 relevant homotopic connections (i.e., excluding

connections between fM1's in the case of hand movement conditions and

hM1's in the case of foot movements) were negative.

In the case of the effect of medication, the connections between

the relevant contralateral and ipsilateral M1s were negative in the

case of all conditions except right foot movement. The connection

from ipsi- to contralateral vPMC was positive in the case of all four-

movement conditions. Meanwhile, the connection from ipsi- to con-

tralateral SMA was negative in the hand movement conditions and

positive in the foot movement conditions. In summary, 5 out of 12 rel-

evant homotopic connections were negative.

4 | DISCUSSION

We demonstrate that motor activation lateralization is decreased in

non-drug-naïve PD and that “normal” laterality is not reinstated after

F IGURE 10 Between-group
commonalities and differences in
effective connectivity patterns of
the motor network, as estimated
through Bayesian model
averaging (BMA). Top left panel:
Endogenous connectivity (DCM.A
matrix). Top right panel: driving
input (DCM.C matrix). Bottom
panel: modulatory influences
(DCM.B matrix). The color of the
arrow colors designates the value
of the group-level parameter
estimate, i.e., the contribution of
the given effect (between-group
commonality or difference) to the
variance of DCM connectivity
strengths. Red arrows indicate
positive group-level parameter
estimates, while blue arrows
indicate negative group-level
parameter estimates. Only those
connections with a posterior
probability greater than 0.75 are
shown. Arrows in the DCM.C

panel have been omitted – all
connections are unidirectional,
from the hand/foot input toward
the cortical node [Color figure can
be viewed at
wileyonlinelibrary.com]
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dopamine substitution. Our analysis of contra- and ipsilateral activa-

tions shows that laterality decrease is the result of various hypo-/hyp-

eractivation scenarios across our regions of interest. Notably, the

finding of decreased lateralization cannot be explained by increased

ipsilateral activation alone. Decreased lateralization is rather concur-

rent with decreased contralateral activation.

In terms of cortical motor network dynamics, we found wide-

spread disease- and medication-related changes in endogenous con-

nectivity (DCM.A matrix). Contrary to what would be expected given

the compensatory mechanism of reduced inhibition - increased facili-

tation previously identified in early PD (Rothwell & Edwards, 2013),

we observed a disease-related attenuation of both excitatory and

inhibitory connectivity. However, medication-related changes could

be characterized as increased excitation and inhibition. Task-specific

model input (DCM.C) only showed a limited effect of disease, with a

decrease in left hand input to RSMA. Model selection revealed that

both disease- and medication-related differences in movement-

specific modulation (DCM.B) are best captured by a network of homo-

topic connections — ipsilaterally-lateralized in the case of disease

effects and contralaterally-lateralized in the case of medication

effects.

4.1 | Decreased laterality in non-drug-naïve PD

While PD begins with an asymmetric loss of dopaminergic

nigrostriatal neurons leading to a progressive depletion of dopamine

in the basal ganglia, secondary alterations in the basal ganglia-cere-

bello-thalamo-cortical circuit act to stave off behavioral changes

(Blesa et al., 2017). More specifically, it has been suggested that com-

pensatory recruitment of homologous motor areas, as manifested by

ipsilateral hyperactivation, contributes to a decrease in motor laterali-

zation in drug-naïve PD (Wu et al., 2015). Here, we demonstrate that

this decrease in lateralization persists in non-drug-naïve PD, in accor-

dance with hypothesis (1). However, our findings run counter to

hypothesis (2), as dopamine substitution does not reinstate laterality

to normal levels.

Moreover, our findings run counter to hypothesis (3), according to

which laterality decrease is primarily the result of a compensatory ipsi-

lateral hyperactivation. Rather, significant between-group differences

in activation can be explained primarily through decreases in contra-

lateral activation. As we did not observe any significant increase in

ipsilateral activation, this phenomenon could not explain the finding

of decreased lateralization in our cohort. Instead, decreased laterality

rather corresponds to an isolated decrease in contralateral activation.

Some caution is advised when linking the AveLI and PSC results,

as we considered only cortical ROIs in the PSC analysis, whereas

AveLI was computed across the whole brain. The observed decrease

in laterality may rather be driven by sub-cortical regions, particularly

the basal ganglia or the cerebellum. Nevertheless, we offer proof of

PD-related alterations in primarily contralateral activation across mul-

tiple cortical regions. Our findings suggest that, in later stages of the

disease, laterality decrease is no longer associated solely with com-

pensatory ipsilateral hyperactivation as in drug-naïve PD (Blesa et al.,

2011; Wu et al., 2015). Instead, we observed contralateral hyp-

oactivation, which suggests the appearance of maladaptive processes,

related to chronic medication usage and/or to the spread of pathology

throughout the motor circuit.

We further investigated motor activation lateralization in non-

drug-naïve PD by analyzing the underlying neural connectivity

changes (ad hypothesis [4]). Using dynamic causal modeling, we esti-

mated effective connectivity within the cortical motor network and

applied the novel PEB approach to identify between-group differ-

ences corresponding to effects of disease and effects of medication.

Model (family) comparisons for between-group commonalities and for

F IGURE 11 Characterization of between-group differences in effective connectivity, as estimated through Bayesian model averaging (BMA).
Left panel: Endogenous connectivity (DCM.A matrix). Right panel: driving input (DCM.C matrix). Arrows in the right panel (DCM.C) have been
omitted – connections are unidirectional, from the hand/foot input toward the cortical node. Only those connections with a posterior probability
– as estimated through BMA – greater than 0.75 are shown. Connections are characterized as “increased excitation” (dark orange), “reduced
excitation” (light orange), “reduced inhibition” (light purple), “increased inhibition” (dark purple) [Color figure can be viewed at
wileyonlinelibrary.com]
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each of the between-group comparisons revealed that disease-related

differences (modeled by the PD OFF vs. HC comparison) in

movement-specific modulation are best captured by a network

of ipsilaterally-lateralized homotopic connections. Meanwhile,

medication-related differences (modeled by the PD OFF vs. PD ON

comparison) were found to be best characterized as contralaterally-

lateralized homotopic connections. Thus, as in the activation laterali-

zation analysis, we did not find evidence for a restorative effect of

levodopa on cortical motor network connectivity. Were the

medication-related changes to directly counteract disease-related

changes at the cortical level, we posit that they should be described

by the same model structure but with an inverse sign of connections.

4.2 | Disease- and medication-related changes in
endogenous connectivity

We observed widespread differences in endogenous connectivity, not

only between the PD OFF and HC groups, corresponding to effects of

disease, but also between the PD OFF and PD ON groups,

corresponding to effects of medication. Disease-related connectivity

changes could be characterized as either reduced inhibition or reduced

facilitation. While the former is compatible with the previously described

potential cortical compensatory mechanism of reduced inhibition -

increased facilitation in early PD (Rothwell & Edwards, 2013), the latter

finding seems rather to suggest maladaptive change resulting from dis-

ease progression and/or chronic levodopa administration. Meanwhile,

medication-related connectivity changes could be characterized as either

increased excitation or increased inhibition. Again, the former is compati-

ble with the aforementioned compensatory mechanism, while the latter

is potentially a side-effect of medication.

It is worth noting that our findings on between-group commonali-

ties in endogenous connectivity diverge from previous findings, which

consisted of a network of excitatory connections among cortical

motor areas apart from intra- and interhemispheric inhibitory influ-

ences between hand and foot M1s (Volz et al., 2015). We observed a

mostly excitatory network, except for premotor connections originat-

ing from or targeting the vPMC. This divergence may be explained by

the difference in age range between the two cohorts — 26 ± 4 years

(Volz et al., 2015) versus 59.28 ± 8.46 years in our study. Indeed, an

age-related reduction in cortical excitability has previously been

reported (Bhandari et al., 2016), as have age-related changes in the

effective connectivity within the motor system (Loehrer et al., 2016).

4.3 | Abnormal homotopic connectivity disrupts
motor network laterality

Given our findings of decreased laterality concurrent with disruptions

in homotopic connectivity, we posit that there may generally be a

causal relationship between these two phenomena. Wu et al. came to

a similar conclusion in their study of drug-naïve PD, in which they pro-

posed that the recruitment of homologous motor areas leads to a dis-

ruption in the nonmirror transformation network which mediates

unilateral movement, and that this disruption manifests itself as

abnormal motor lateralization (Wu et al., 2015). In the case of drug-

naïve PD, the authors reported strengthened (positive) functional con-

nectivity among homologous motor areas, interpreted as a compensa-

tory mechanism. To the contrary, in our finding of disease-related

ipsilaterally-lateralized homotopic connectivity, most parameter esti-

mates were negative. While the lack of homotopic connections in the

between-group commonalities model makes it impossible to charac-

terize these findings in terms of reduced facilitation versus increased

inhibition, in either case this finding runs counter to that of strength-

ened connectivity in drug-naïve PD. This, in turn, lends credence to

our argument concerning disease-related maladaptation in non-drug-

naïve PD.

The acute variation in connectivity related to the administration of

levodopa — modeled by the PD OFF versus PD ON comparison, is

best captured by a contralaterally-lateralized network of homotopic

connections. We interpret these findings in light of the levodopa

effect on beta oscillations that reduce movement-related beta burst

probability, amplitude and desynchronization to improve motor con-

trol in PD (Tinkhauser et al., 2017).

4.4 | Limitations

One of the key limitations of our study is the relatively small sample

size, particularly in the clinical cohort. Our priority was ensuring

homogeneity of the sample, hence our strict inclusion criteria: right-

handedness for all participants, left side onset and left side dominance

of PD symptoms. We insisted on these inclusion criteria because hand

dominance is known to cause significant intersubject variability, in

terms of anatomy, motor-related neural activations and effective con-

nectivity (Amunts et al., 1996; Joliot et al., 2016; Pool et al., 2014;

Tzourio-Mazoyer et al., 2015). Moreover, it has been suggested that

there may be a correlation between handedness and side of PD symp-

tom onset, as well as between handedness and persisting dominant

symptom side of PD (Barrett, Wylie, Harrison, & Wooten, 2011; van

der Hoorn, Burger, Leenders, & de Jong, 2012; Yust-Katz,

Tesler, Treves, Melamed, & Djaldetti, 2008). Nevertheless, some

disease- and medication-related heterogeneity in our sample was

unavoidable — notably, there was considerable interpatient variability in

terms of disease duration and medication type.

Another unavoidable limitation to our study was the missing level

in the factorial design, that is, healthy participants “ON” medication.

This makes it impossible to unequivocally interpret between-group

differences in terms of main effects of disease, main effects of medi-

cation or disease × medication interactions. A related issue is that the

PD patients in our cohort had already been receiving pharmacological

treatment for at least several years, leading to a significant con-

founding factor of long-term dopamine administration. Thus, the

between-group differences we see in the PD versus HC comparisons

cannot be interpreted simply as “effects of disease/medication

status,” but rather as “effects of disease/medication status in interac-

tion with effects of long-term dopamine administration.”

A final methodological issue worth noting is the limitation of our

motor network model to cortical regions. Several factors motivated
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our choice, not least among them the computational load associated

with estimating large DCMs (with more than eight nodes; Seghier &

Friston, 2013). Another factor contributing to our decision was the

low fMRI SNR in the basal ganglia, which would have otherwise been

an interesting site to include due to their status as the primary locus

of PD. It may be possible to circumvent these issues with new devel-

opments in DCM (van Wijk, Cagnan, Litvak, Kühn, & Friston, 2018).

Our study offers an account of effective connectivity in PD which

is complementary to previous studies (Michely et al., 2015; Rowe,

Hughes, Barker, & Owen, 2010; van Wijk et al., 2018), all of which

investigated only unilateral neural network dynamics, usually between

a subset of our motor ROIs and regions in the prefrontal cortex

and/or basal ganglia. In general, existing studies of effective connec-

tivity in PD vary substantially in terms of the regions included in the

analysis, specific inclusion criteria, imaging modality, choice of move-

ment task, and so on, making it difficult to contextualize our results

within previous findings. A recent EEG study on PD patients “ON”

and “OFF” medication considered a bilateral network which included

the prefrontal cortex, lateral premotor cortex, SMA, and M1

(Nettersheim et al., 2018). While this study is most directly compara-

ble to ours, it is nevertheless difficult to relate our results to theirs,

primarily because the motor task they employed was more complex

and was meant to elicit between-group differences.

5 | CONCLUSIONS

Our results indicate that in non-drug-naïve PD, lateralization decrease

is not the result of adaptive compensation, but rather that disease

progression and/or long-term dopamine replacement contribute to

the appearance of maladaptive changes. We postulate that the mal-

adaptive mechanism best corresponding to the laterality changes

observed in non-drug-naïve PD is diaschisis — functional depression

of neural activity in regions located remotely, though within the same

circuit as, the original focal region (Fornito, Zalesky, & Breakspear,

2015). Thus, we propose that the compensatory adaptation, which

characterizes the preclinical phase of PD develops into or is overtaken

by maladaptive mechanisms related to disease progression, long-term

dopamine replacement and/or to interactions between the two.

In conclusion, this in-depth investigation of motor laterality

changes in non-drug-naïve PD gives us a better understanding of the

way in which neuroplastic mechanisms are mobilized in later stages of

the disease and in response to dopamine substitution. We shed light

on the relation between motor lateralization and DA imbalance — a

phenomenon implicated not only in PD but in a wide array of neuro-

degenerative, neurodevelopmental and neuropsychiatric disorders,

including Tourette syndrome (Avanzino et al., 2011), Huntington's dis-

ease (Chen, Wang, Cepeda, & Levine, 2013), schizophrenia (Gruzelier,

1999; Hietala et al., 1999) and depression (Hsiao, Lin, Liu, & Schatz,

2013). Our findings elucidate the role of cortical mechanisms in the

compensation for DA imbalances and (mal)adaptive plastic changes in

response to disease progression and dopamine substitution. Given

also the proposed reciprocity between motor behavior and

interhemispheric imbalance in the DA system (Molochnikov & Cohen,

2014), we foresee a promising future for the development of noninva-

sive therapies — such as physio- or occupational therapy — for the

treatment of disease-related DA imbalance.
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CLINICAL PHENOTYPE 1 

Table S.1. UPDRS III score subdivided into three symptom categories (tremor, rigidity, 2 

bradykinesia). This categorization was used for clinical data analysis (Tables S.3 and S.4). 3 

Each subtest is scored on a scale from 0 (representing lack of symptoms) to 4 (representing 4 

severe symptoms). The category “Other” contains subtests which do not directly pertain to 5 

either hand or foot movements and were therefore not part of our detailed symptom laterality 6 

analysis. Abbreviations: RH – right hand, LH – left hand, RF – right foot, LF – left foot. 7 

Symptom 

category 
Subtest 

Symptom 

category score 

Tremor Tremor at rest 

RH 

16 
LH 

RF 

LF 

Rigidity – 

RH 

16 
LH 

RF 

LF 

Bradykinesia 

Hand 

Movements 

RH 

32 

LH 

Rapid 

Alternating 

Movements of 

Hands 

RH 

LH 

Finger Taps 
RH 

LH 

Leg Agility 
RF 

LF 

Other 

Speech; Facial Expression; 

Tremor at rest: face, lips, 

chin; Action or Postural 

Tremor; Rigidity: neck; 

Arising from Chair; Posture; 

Gait; Postural stability; Body 

Bradykinesia 

40 
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Table S.2. UPDRS III symptom type-specific subscores and laterality measures for PD subjects 8 

‘OFF’ and ‘ON’ medication. Symptom laterality varies between -1 for pure right-side symptom 9 

dominance and +1 for pure left-side symptom dominance. Values represent mean ± SD. 10 

 PD OFF  PD ON 

Tremor 
Subscore 2.10±1.97  2.30±2.79 

Laterality 0.74±0.44  0.64±0.50 

Rigidity 
Subscore 2.70±1.34  2.30±1.57 

Laterality 0.49±0.61  0.43±0.70 

Bradykinesia 
Subscore 8.00±4.55  5.90±3.41 

Laterality 0.57±0.31  0.69±0.29 

Summary 

(tremor+rigidity+bradykinesia) 

Subscore 12.80±6.71  10.50±6.67 

Laterality 0.52±0.31  0.57±0.37 

Table S.3. Subject-specific clinical scores, in the ‘ON’ and ‘OFF’ medication states, when 11 

appropriate. UPDRS III, Hoehn and Yahr staging, type of medication prescribed to the patient, 12 

disease duration, date and time of the MRI exam. 13 

Subject 

UPDRS III 
Hoehn and Yahr 

staging Disease 

duration 

(years) 

MRI date and time 

Medication 

PD OFF PD ON PD OFF PD ON PD OFF PD ON 

1 19 12 2 2 4 
2014/09/29 

15:45 

2014/10/17 

13:00 
Ropinirole / Rasagiline / 

Immediate release L-dopa 

2 26 22 2 2 4 
2014/11/20 

12:00 

2014/12/12 

15:00 
Immediate release L-dopa 

3 20 14 1.5 1.5 17 
2014/11/21 

15:00 

2014/11/05 

11:10 
Immediate release L-dopa / 

Ropinirole 

4 22 12 2.5 2.5 20 
2014/12/16 

17:00 

2015/01/12 

13:00 

Entacapone (or Stalevo®) / 

Pramipexole (as salt) / 
Rasagiline 

5 25 15 2 2 8 
2015/01/08 

13:00 

2014/11/10 

11:30 
Rasagiline / Pramipexole (as 

salt) 

6 23 20 2.5 1 3 
2015/02/02 

11:00 

2015/07/14 

15:30 
Immediate release L-dopa 

7 5 4 1 1 3 
2015/02/02 

14:45 

2014/12/04 

13:35 
Ropinirole / Rasagiline 

8 13 7 1 1 6 
2015/03/13 

10:50 

2015/06/11 

17:30 

Pramipexole (as salt) / 
Rasagiline / Immediate 

release L-dopa 

9 11 20 1 1 2 
2015/04/21 

12:30 

2015/02/16 

13:00 
Rasagiline / Ropinirole 

10 34 32 2.5 2.5 5 
2015/06/30 

12:45 

2015/01/13 

12:00 
Ropinirole / Entacapone (or 

Stalevo®) 



Jastrzębowska et al., 2019  3 
 

Table S.4. Results of linear mixed effects model analysis of symptom type-specific subscores 14 

in PD OFF and PD ON. Statistical significance codes: ‘*’ p<0.05, ‘***’ p<0.001 15 

Fixed Effect Sum Sq Mean Sq df F value p 

Symptom type 72.51 36.26 2, 10.85 20.00 2.30E-04 *** 

Med. status 8.82 8.82 1, 40 4.86 3.32E-02 * 

Symptom type × Med. status 14.23 7.12 2, 40 3.93 2.78E-02 * 

Table S.5. Results of linear mixed effects model analysis of bradykinesia subscores in PD OFF 16 

and PD ON. Statistical significance codes: ‘*’ p<0.05, ‘**’ p<0.01, ‘***’ p<0.001 17 

Fixed Effect Sum Sq Mean Sq df F value p 

Med. status 0.05 0.05 1, 63 4.44 3.90E-02 * 

Body side 0.99 0.99 1, 63 81.08 6.36E-13 *** 

Limb 0.11 0.11 1, 63 8.70 4.46E-03 ** 

Med. status × Body side 2.14E-03 2.14E-03 1, 63 0.17 0.68 

Med. status × Limb 0.01 0.01 1, 63 1.21 0.28 

Body side × Limb 9.39E-05 9.39E-05 1, 63 7.67E-03 0.93 

Med. status × Body side × 

Limb 
4.30E-03 4.30E-03 1, 63 0.35 0.56 

  18 

Mean 19.80 15.80 1.80 1.65 7.2   
 

SD 8.34 8.07 0.63 0.63 6.23   
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ROI LOCATIONS 19 

 20 

Figure S.1. Blood oxygenation level-dependent cortical activation patterns common to all 21 

groups of subjects (PD OFF, PD ON and HC). Top: conjunction analysis of activations in left 22 

hand (LH) and left foot (LF) movement (left) and right hand (RH) and right foot (RF) movement 23 

(right). The LH-LF/RH-RF conjunction analysis was used to identify the group activation peaks 24 

in the R/LSMA and R/LvPMC. Bottom: activations in the four movement conditions (LH, RH, 25 

LF, RF). The LH/RH/LF/RF contrast was used to identify the group activation peak in the 26 

Rh/Lh/Rf/LfM1. ROIs used for the DCM analysis are indicated. p < 0.05, FWE-corrected.  27 
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 28 

Figure S.2. Blood oxygenation level-dependent cortical activation patterns in each of the four 29 

movement conditions – left hand (LH), right hand (RH), left foot (LF) and right foot (RF), in 30 

each group of subjects separately. Top: PD OFF, middle: PD ON and bottom: HC. p < 0.05, 31 

FWE-corrected. 32 

Table S.6. MNI coordinates (in [cm]) of individual local fMRI maxima used as centers of VOIs 33 

for DCM analysis. The last row contains group maxima, used as starting points for the search 34 

of individual maxima. 35 

 RhM1 LhM1 RfM1 LfM1 RSMA LSMA RvPMC LvPMC 
 x y z x y z x y z x y z x y z x y z x y z x y z 
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P
D

 O
F

F
 

30 -25 56 -35 -25 51 5 -28 63 -5 -28 63 5 4 62 -7 -6 70 57 12 17 -55 10 15 

42 -27 55 -41 -20 54 5 -24 70 -4 -33 70 4 6 62 -5 -12 64 59 10 17 -56 11 21 

35 -20 60 -38 -25 56 5 -31 70 -5 -33 65 5 -1 63 -6 -4 65 58 10 15 -57 7 13 

38 -25 54 -39 -24 53 5 -37 70 -5 -31 57 5 4 70 -5 -6 70 57 7 31 -56 9 14 

36 -25 51 -36 -23 51 5 -29 71 -7 -43 69 5 -1 57 -5 -5 69 57 12 17 -58 7 18 

35 -20 56 -36 -23 51 5 -25 61 -5 -39 68 5 -7 59 -6 -9 66 57 12 10 -53 8 15 

36 -23 51 -41 -20 52 5 -33 65 -5 -34 65 4 0 63 -5 -6 66 57 12 15 -55 7 20 

38 -21 56 -41 -23 56 6 -31 77 -5 -37 68 5 1 61 -5 -9 66 58 10 19 -57 7 19 

36 -23 51 -36 -23 51 6 -33 67 -4 -28 65 5 2 61 -5 -7 65 57 13 10 -58 5 23 

37 -22 50 -37 -23 51 4 -32 67 -5 -31 60 6 -12 62 -8 -10 66 59 12 19 -56 7 19 

P
D

 O
N

 

30 -26 54 -36 -18 49 5 -37 67 -8 -42 67 5 -1 59 -6 -7 71 55 10 15 -57 7 19 

37 -23 51 -42 -23 58 5 -28 65 -4 -33 67 9 -3 69 -6 -10 62 59 5 20 -58 5 20 

35 -23 56 -35 -26 53 5 -29 68 -5 -34 65 5 2 57 -5 -11 66 59 11 13 -53 8 17 

36 -23 51 -37 -24 51 5 -34 67 -5 -31 60 6 1 55 -6 -8 73 46 4 29 -55 11 14 

39 -21 54 -36 -23 51 5 -28 69 -3 -35 64 5 -1 66 -4 -12 63 58 13 9 -59 9 16 

31 -23 49 -38 -18 49 4 -31 67 -5 -39 68 6 10 58 -6 -7 66 53 9 12 -56 9 21 

41 -23 58 -41 -20 52 3 -31 64 -5 -36 67 5 4 61 -5 -3 64 57 12 17 -55 8 17 

36 -23 53 -41 -23 56 5 -30 62 -5 -37 69 6 4 59 -5 -9 63 57 11 22 -57 7 19 

36 -23 51 -39 -25 54 4 -32 65 -8 -36 67 4 7 61 -6 -8 64 59 11 14 -55 9 18 

34 -26 49 -44 -20 59 4 -26 62 -4 -33 65 6 1 63 -6 -14 63 56 14 17 -56 3 24 

H
C

 

35 -26 58 -41 -20 56 5 -31 63 -5 -34 65 5 7 55 -7 -9 72 55 10 17 -55 11 13 

36 -23 51 -41 -23 56 5 -28 68 -5 -39 70 10 -1 59 -6 -4 68 57 12 12 -57 7 19 

33 -26 54 -38 -22 54 4 -26 65 -5 -31 67 5 2 54 -4 -7 68 53 8 19 -53 5 17 

41 -23 58 -35 -25 54 5 -28 63 -5 -34 65 5 -4 57 -4 -5 66 57 10 19 -56 8 27 

33 -25 53 -36 -23 51 5 -34 65 -6 -34 65 5 -3 56 -6 -6 63 53 8 12 -55 8 20 

36 -25 54 -39 -25 54 5 -31 63 -5 -29 60 9 5 59 -6 -9 66 57 12 15 -55 10 17 

33 -26 58 -33 -26 54 5 -33 67 -5 -31 63 5 -3 63 -6 -9 68 57 12 15 -55 10 18 

39 -23 56 -41 -23 56 5 -29 68 -5 -34 67 8 -1 54 -6 -9 68 57 12 17 -55 10 20 

35 -23 51 -38 -23 54 4 -30 65 -5 -34 65 5 4 57 -4 -6 65 57 10 19 -58 8 13 

39 -25 54 -39 -18 52 5 -31 63 -5 -34 65 6 -5 69 -4 -3 63 51 9 17 -53 8 20 

41 -21 54 -38 -22 58 5 -31 65 -4 -33 60 5 2 63 -5 -3 61 54 9 23 -54 9 13 

36 -25 58 -41 -23 56 5 -29 67 -5 -34 65 5 8 57 -8 -9 61 58 9 17 -55 9 12 

35 -25 51 -39 -20 52 5 -33 69 -8 -41 67 3 1 59 -5 -4 64 57 11 15 -53 8 17 

35 -23 51 -41 -20 49 5 -33 69 -5 -34 65 5 -4 57 -5 -12 57 50 7 19 -54 6 15 

33 -26 51 -36 -23 58 5 -31 66 -4 -31 65 5 2 52 -9 -5 61 56 12 17 -47 2 31 

35 -24 60 -41 -23 56 10 -29 72 -5 -31 60 10 -3 63 -8 -6 64 58 7 15 -57 7 22 

Mean 36 -24 54 -38 -23 54 5 -30 67 -5 -34 65 6 1 60 -6 -7 66 56 10 17 -55 8 18 

SD 3 2 3 3 2 3 1 3 3 1 4 3 2 5 4 1 3 3 3 2 5 2 2 4 

Group 36 -23 54 -38 -23 54 4 -31 67 -4 -36 63 6 1 59 -5 -7 66 57 12 17 -57 8 17 

  36 
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DCM MODEL SPACE 37 

38 

Figure S.3. Models 1-25 of the DCM model space, i.e., the first five structure model families. 39 

The models represent the DCM.B matrix of input-modulatory connectivity, for the four 40 

movement conditions: left hand, right hand, left foot and right foot, as shown at the top of the 41 

figure. Models are subdivided into five laterality model families (dark blue) and 15 structure 42 
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model families (light blue). The remaining 10 structure model families are shown in Figures 43 

S.4 and S.5. 44 

45 

Figure S.4. Models 26 – 55 of the DCM model space. The models represent the DCM.B matrix 46 

of input-modulatory connectivity, for the four movement conditions: left hand, right hand, left 47 

foot and right foot, as shown at the top left of the figure. Models are subdivided into five 48 

laterality model families (dark blue) and 15 structure model families (light blue). Structure 49 

model families 6 – 11 are shown in the figure; the first five are shown in Figure S.3 and the 50 

last four are shown in Figure S.5. 51 
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52 

Figure S.5. Models 56 – 75 of the DCM model space. The models represent the DCM.B matrix 53 

of input-modulatory connectivity, for the four movement conditions: left hand, right hand, left 54 

foot and right foot, as shown at the top left of the figure. Models are subdivided into five 55 

laterality model families (dark blue) and 15 structure model families (light blue). Structure 56 

model families 12 – 15 are shown in the figure; the first 11 structure model families are shown 57 

in Figures S.3 and S.4.  58 

BEHAVIORAL RESULTS 59 

Table S.7. Results of multivariate linear mixed effects model analysis of behavioral measures: 60 

percent correct and force. The variable ‘Measure’ refers to the two different behavioral 61 

measures – percent correct and force. Statistical significance codes: ‘**’ p<0.01, ‘***’ p<0.001 62 

Fixed Effect Sum Sq Mean Sq df F value p 

Measure 327.28 327.28 1, 37.36 0.51 0.48 

Group 4065.47 2032.74 2, 33.13 3.16 5.57E-02 

Body side 5.16 5.16 1, 248.73 0.01 0.93 

Limb 254364.97 254364.97 1, 248.73 394.84 2.90E-53 *** 

Measure × Group 1416.15 708.08 2, 37.36 1.10 0.34 
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Measure × Body side 62.75 62.75 1, 248.73 0.10 0.76 

Measure × Limb 168189.43 168189.43 1, 248.73 261.07 1.22E-40 *** 

Group × Body side 863.30 431.65 2, 248.73 0.67 0.51 

Group × Limb 3672.92 1836.46 2, 248.73 2.85 5.97E-02 

Body side × Limb 5932.63 5932.63 1, 248.73 9.21 2.66E-03 ** 

Measure × Group × Body 

side 
503.96 251.98 2, 248.73 0.39 0.68 

Measure × Group × Limb 501.74 250.87 2, 248.73 0.39 0.68 

Measure × Body side × 

Limb 
4660.57 4660.57 1, 248.73 7.23 7.64E-03 ** 

Group × Body side × Limb 1094.83 547.42 2, 248.73 0.85 0.43 

Measure × Group × Body 

side × Limb 
2161.44 1080.72 2, 248.73 1.68 0.19 

As explained in the Behavioral Results section of the main text, although it was not our goal to 63 

elicit between-group differences in behavior (in particular, in movement force), we found a 64 

significant difference in force of right hand movement between PD OFF and HC and between 65 

PD OFF and PD ON. Here, we address the potential effects of movement force on PSC and 66 

effective connectivity. To preview our results, we did not find a significant impact of force on 67 

PSC nor effective connectivity and thus decided to omit force from further analysis. 68 

Force and PSC 69 

In order to investigate whether force levels had an impact on PSC results, we compared the 70 

model described in the Behavioral Data Analysis section of the main text with an analogous 71 

LMM which differed only in that it included movement force as an additional fixed effect. We 72 

used a chi-squared difference test to compare the two nested models. We found that the model 73 

which included force was not significantly better than the model without force (Χ2(1) = 0.48, p 74 

= 0.49). We interpret this finding as a lack of significant impact of force on BOLD signal 75 

magnitude. 76 

Force and effective connectivity 77 

In order to investigate whether force levels had an impact on effective connectivity, we built a 78 

set of supplementary PEB models, which were analogous to the PEB models described in the 79 

Parametric Empirical Bayes section of the main text, but also included force of movement. 80 

Given that we already had three columns in the original PEB model’s GLM, we thought it best 81 

not to include another four columns, one for each movement condition’s force separately. This 82 
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would have given a seven column GLM, with an extremely high number of parameters to 83 

estimate, leading to lower reliability. Moreover, the force of movement was highly correlated 84 

between the different experimental conditions (particularly between right and left hand 85 

movement: ρ = 0.74), which would have led to linear dependencies between columns of the 86 

GLM. Therefore, we conducted a principal component analysis (PCA) on force measures across 87 

the four experimental conditions. We included the first principal component, which explained 88 

80% of the variance, as the fourth column of the group-level GLM. Thus, the first three columns 89 

corresponded to the commonalities between subjects, the effect of disease and the effect of 90 

medication, respectively, as in the original PEB models, and the fourth column corresponded 91 

to the force of movement. This was done separately for the DCM.A, DCM.B and DCM.C 92 

connectivity matrices, giving a total of three additional PEB models. 93 

We found that the parameter estimates corresponding to the force of movement were equal to 94 

zero across all three additional PEB models. We interpret this finding as a lack of a significant 95 

impact of force on effective connectivity.  96 

AVELI AND PSC LMM ANALYSIS RESULTS 97 

Table S.8. Results of linear mixed effects model analysis of AveLI. Satterthwaite 98 

approximation for degrees of freedom. Statistical significance codes: ‘*’ p<0.05, ‘***’ p<0.001 99 

Fixed Effect Sum Sq Mean Sq df F value p 

Group 0.62 0.31 2, 30 11.18 2.36E-04 *** 

Body side 0.11 0.11 1, 99 4.02 4.76E-02 * 

Limb 1.65 1.65 1, 99 59.96 8.47E-12 *** 

Group × Body side 0.03 0.02 2, 99 0.55 0.58 

Group × Limb 0.03 0.01 2, 99 0.46 0.63 

Body side × Limb 0.01 0.01 1, 99 0.27 0.60 

Group × Body side × Limb 0.02 0.01 2, 99 0.39 0.68 

Table S.9. Results of linear mixed effects model analysis of percent BOLD signal change. 100 

Satterthwaite approximation for degrees of freedom. Statistical significance codes: ‘*’ p<0.05, 101 

‘**’ p<0.01, ‘***’ p<0.001 102 

Fixed Effect Sum Sq Mean Sq df F value p 

Group 0.05 0.03 2, 30 0.76 0.48 

Body side 0.02 0.02 1, 759 0.47 0.49 

Limb 0.45 0.45 1, 759 13.17 3.03E-04 *** 

ROI 0.56 0.28 2, 759 8.24 2.88E-04 *** 
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Laterality 7.82 7.82 1, 759 229.22 1.92E-45 *** 

Group × Body side 3.76E-03 1.88E-03 2, 759 0.06 0.95 

Group × Limb 0.13 0.07 2, 759 1.91 0.15 

Group × ROI 0.22 0.06 4, 759 1.63 0.16 

Group × Laterality 0.07 0.04 2, 759 1.09 0.34 

Body side × Limb 0.31 0.31 1, 759 9.17 2.54E-03 ** 

Body side × ROI 0.05 0.03 2, 759 0.74 0.48 

Body side × Laterality 1.56E-04 1.56E-04 1, 759 4.57E-03 0.95 

Limb × ROI 0.35 0.17 2, 759 5.12 6.17E-03 ** 

Limb × Laterality 0.34 0.34 1, 759 9.82 1.79E-03 ** 

ROI × Laterality 7.27 3.63 2, 759 106.45 1.78E-41 *** 

Group × Body side × Limb 0.07 0.03 2, 759 1.02 0.36 

Group × Body side × ROI 0.05 0.01 4, 759 0.40 0.81 

Group × Body side × Laterality 0.39 0.19 2, 759 5.67 3.58E-03 ** 

Group × Limb × ROI 0.07 0.02 4, 759 0.54 0.71 

Group × Limb × Laterality 0.12 0.06 2, 759 1.72 0.18 

Group × ROI × Laterality 0.14 0.04 4, 759 1.05 0.38 

Body side × Limb × ROI 0.02 0.01 2, 759 0.33 0.72 

Body side × Limb × Laterality 0.01 0.01 1, 759 0.26 0.61 

Body side × ROI × Laterality 0.15 0.08 2, 759 2.23 0.11 

Limb × ROI × Laterality 2.02 1.01 2, 759 29.54 4.44E-13 *** 

Group × Body side × Limb × ROI 0.04 0.01 4, 759 0.28 0.89 

Group × Body side × Limb × Laterality 0.07 0.04 2, 759 1.05 0.35 

Group × Body side × ROI × Laterality 0.35 0.09 4, 759 2.53 3.93E-02 * 

Group × Limb × ROI × Laterality 0.18 0.04 4, 759 1.31 0.26 

Body side × Limb × ROI × Laterality 0.10 0.05 2, 759 1.51 0.22 

Group × Body side × Limb × ROI × 

Laterality 
0.03 0.01 4, 759 0.25 0.91 

The results of the multivariate LMM analysis of the differences between contra- and ipsilateral 103 

PSC are presented in Table E.3. We were most interested in the differential presence of 104 

between-group differences across the four limb conditions and across ROIs. A significant full 105 

interaction – group × body side × limb × ROI, would indicate the differential presence of 106 

between-group differences between the different combinations of the remaining fixed effects. 107 

While the full interaction was not significant, the group × body side × ROI interaction was, 108 

indicating a differential pattern of between-group differences between the two body sides and 109 
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between the ROIs. Planned comparisons revealed significant differences between PD OFF and 110 

HC in the M1, in the left hand (t(390.37) = 2.69, p = 2.22E-2) and in the right hand (t(390.37) 111 

= 2.38, p = 5.31E-2) movement conditions. We also observed significant differences between 112 

PD ON and HC in the SMA, in the left hand (t(390.09) = 2.21, p = 8.35E-2), in the left foot 113 

(t(390.09) = 2.49, p = 3.99E-2) and in the right foot (t(390.09) = 2.90, p = 1.18E-2) movement 114 

conditions. 115 

116 

Figure S.6. Difference in percent BOLD signal change between contralateral and ipsilateral 117 

regions of interest for each experimental condition. The hand/foot icons at the top of the figure 118 

represent the body part (LH – left hand, RH – right hand, LF – left foot, RF – right foot) being 119 

moved in the corresponding condition. Error bars represent 95% confidence intervals. Any 120 

significant between-group (within-body side, within-limb, within-ROI) differences are 121 

indicated (‘.’, p<0.1, ‘*’ p<0.05, ‘**’ p<0.01, Bonferroni-corrected). 122 
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Table S.10. Results of linear mixed effects model analysis of differences in percent BOLD 123 

signal change between contralateral and ipsilateral ROIs. Satterthwaite approximation for 124 

degrees of freedom. Statistical significance codes: ‘*’ p<0.05, ‘**’ p<0.01, ‘***’ p<0.001 125 

Fixed Effect Sum Sq Mean Sq df F value p 

Group 0.01 0.01 2, 30 0.13 0.88 

Body side 3.12E-04 3.12E-04 1, 363 0.01 0.94 

Limb 0.67 0.67 1, 363 12.60 4.37E-04 *** 

ROI 14.53 7.27 2, 363 136.50 6.23E-45 *** 

Group × Body side 0.77 0.39 2, 363 7.28 7.98E-04 *** 

Group × Limb 0.23 0.12 2, 363 2.20 0.11 

Group × ROI 0.29 0.07 4, 363 1.35 0.25 

Body side × Limb 0.02 0.02 1, 363 0.33 0.57 

Body side × ROI 0.30 0.15 2, 363 2.85 0.06 

Limb × ROI 4.03 2.02 2, 363 37.88 1.15E-15 *** 

Group × Body side × Limb 0.14 0.07 2, 363 1.35 0.26 

Group × Body side × ROI 0.69 0.17 4, 363 3.25 1.23E-02 * 

Group × Limb × ROI 0.36 0.09 4, 363 1.68 0.15 

Body side × Limb × ROI 0.21 0.10 2, 363 1.93 0.15 

Group × Body side × Limb × ROI 0.07 0.02 4, 363 0.32 0.86 

 126 
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Novel imaging techniques to study the
functional organization of the human brain

Renaud Marquis1, Maya Jastrzębowska1,2, and Bogdan Draganski1,3

Abstract
Despite more than a century of investigation into the cortical organization of motor function, the existence of motor
somatotopy is still debated. We review functional magnetic resonance imaging (fMRI) studies examining motor soma-
totopy in the cerebral cortex. In spite of a substantial overlap of representations corresponding to different body parts,
especially in non-primary motor cortices, geographic approaches are capable of revealing somatotopic ordering. From the
iconic homunculus in the contralateral primary cortex to the subtleties of ipsilateral somatotopy and its relations with
lateralization, we outline potential reasons for the lack of segregation between motor representations. Among these are
the difficulties in distinguishing activity that arises from multiple muscular effectors, the need for flexible motor control
and coordination of complex movements through functional integration and artefacts in fMRI. Methodological advances
with regard to the optimization of experimental design and fMRI acquisition protocols as well as improvements in spatial
registration of images and indices aiming at the quantification of the degree of segregation between different functional
representations are inspected. Additionally, we give some hints as to how the functional organization of motor function
might be related to various anatomical landmarks in brain morphometry.

Keywords
FMRI, motor somatotopy, cerebral cortex, segregation

Techniques for in vivo mapping of human
brain function

In the last decades, we witnessed a steadily increasing

variety of non-invasive techniques for in vivo mapping of

human brain function that includes electroencephalogra-

phy, magnetoencephalography, positron emission tomogra-

phy, transcranial magnetic stimulation, near-infrared

spectroscopy and functional magnetic resonance imaging

(fMRI) to name but a few. fMRI, the topic of this review,

takes advantage of the relationship between blood flow and

local neuronal activity – that is, neurovascular coupling to

measure blood-oxygen-level-dependent (BOLD) contrast

and indirectly infer regional metabolism changes in the

brain.1,2 Our current understanding of the physiological

basis of the BOLD contrast is that the signal changes are

mainly driven by the oxygen consumption rate in addition

to activity-dependent modulation of cerebral blood flow

and volume. fMRI has the advantage of capturing neural

activity with sufficient anatomical precision over the entire

brain. The most widely used spatial resolution ranges

between 1.5 and 3 mm, which can be further optimized

to submillimetre measurements using ultra-high field MRI

scanner.3–5 The disadvantage of fMRI, however, is its poor

temporal resolution limited to the range of seconds, which

poses specific challenges to experimental design and task-

related manipulations.6,7

Preceding the statistical analysis of fMRI data from a

single subject or a group of participants, the images are

subjected to standardized processing steps aiming at spatial

alignment within and across subject(s) over the entire dura-

tion of the experiment. Group studies require additionally
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the spatial transformation of data in standardized space,

allowing to perform statistical analysis at the voxel level.8

The sophistication of statistical analysis using mass-

univariate or multivariate approaches ranges from imple-

mentations of the general linear model while taking into

account the spatio-temporal features of the BOLD signal to

sophisticated computational modelling or machine learning

methods.9

Basic principles of functional organization

In the following section, we discuss the basic principles of

the functional organization of the brain on the example of

its topographical organization. The concept of topographic

maps of perceptive or executive functions is based on the

principle that information coming from spatially or

temporally adjacent points of the perceived stimulus is rep-

resented within similar anatomic locations in the brain – for

example, neighbouring components of the visual field for

retinotopy, cluster of hair cells in the cochlea for tonotopy,

set of skin receptors for sensory somatotopy or group of

muscles for motor somatotopy.10 This spatial correspon-

dence forms the basis of our notion of structure-function

mapping in the brain.11,12 The maps have to comply with

certain principles of organization such that the spatial

dimensions of distribution in the periphery are adequately

represented along the corresponding anatomical dimension

of the brain.

The homunculus

The pattern of anatomical distribution of sensorimotor

somatotopy on the brain surface is often depicted graphi-

cally using a homunculus (Figure 1). The evidently dispro-

portional features of the homunculus stem from the fact that

the spatial representation of certain body parts, for exam-

ple, the lips, are overrepresented in the brain in comparison

with other body parts. In the context of in vivo imaging of

brain functions using fMRI, the obtained somatotopy maps

show a continuum of neural representations rather than

clear-cut borders, a phenomenon which is further modu-

lated by individual cortical anatomy.13–18 In general, the

deviations in motor somatotopy can be grouped based on

two main principles: (i) the first sees the overlap of differ-

ent motor representations, which is a violation of an idea-

listic somatotopy corresponding to a one-to-one mapping

and (ii) the second considers an abnormal spatial ordering

as a desecration that discredits an alleged somatotopy or

that the division of the mapping of one body part into

multiple representations is an infringement of a strictly

ordered somatotopy.

Somatotopy maps

With further sophistication of mapping techniques, ima-

ging research has generated somatotopy maps with high

level of spatial precision referred to as between- and

within-limb somatotopy that can include relatively proximal

or distal body parts. Indeed, the majority of fMRI studies

were able to demonstrate an unambiguous motor somatotopy

in the primary motor cortex (M1), whereas non-primary

motor areas such as the supplementary motor area (SMA)

are associated with more complex patterns of somatotopy.

Another aspect along these lines is the existing controversy

between the concept of a discrete somatotopy exemplified

by the homunculus19 or simiusculus20,21 and the more

relaxed definition of somatotopy allowing the coexistence

of segregated and overlapping representations of body parts.

This discrepancy has led to question the existence of motor

somatotopy.20,22 Conclusions regarding the existence of

somatotopy of finger or joints of the same limb are par-

ticularly conflicting. Some studies propose a more relaxed

definition of somatotopy organized in terms of gradients

or response predominance. Moreover, somatotopic orga-

nization of motor responses seems to be influenced by

other factors, such as proximity required for coordination

of movements during complex tasks.23 Below we review

studies that aimed at investigating motor somatotopy,

mainly in the cerebral cortex using task-based fMRI of

voluntary overt movements in healthy human subjects.

Figure 1. Illustration of motor somatotopy obtained using
functional MRI, together with representations of the homunculus
in each hemisphere. Brain activity elicited during movements of
the toes (green), fingers (yellow) and facial musculature (red) is
rendered using a group analysis in the whole brain. Note the brain
activity in the supplementary motor area visible in between the
two hemispheres. MRI: magnetic resonance imaging.
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The iconic contralateral motor somatotopy and its
subtleties

In the contralateral M1, most fMRI studies argue in favour

of inter-limb somatotopic organization.13,15,23–29 Within-

limb somatotopy has been much more debated and though

some studies argue against it,17,26 others show evidence

attesting its presence.13,15,18,23,25,27,29,30 However, these

studies commonly highlight the fact that motor somatotopy

was less clear-cut for within-limb than for between-limb

representations. Finger somatotopy is a particular case of

within-limb somatotopy, as results of fMRI experiments

are even more controversial. Although there are several

reports claiming the existence of digit somato-

topy,15,29,31–34 there exists a substantial body of literature

sharing a suspicious view of it.17,35,36 Finally, specific stud-

ies focused on speech somatotopy and suggested that sub-

strates supporting specific sets of muscles involved in

language production are distributed over specific portions

of M1.37–40 In this case, some representations seem to be

relatively well separated, such as the tongue, the lip, the

jaw and laryngeal muscles that are essential for phona-

tion,38,40 whereas others seem to co-localize, such as the

muscles necessary for the ab-/adduction and the tension/

relaxation of vocal folds.38 Furthermore, Belyk and

Brown37 show that extrinsic (respectively intrinsic) laryn-

geal muscles, which allow vertical (resp. horizontal) move-

ments of the main vocalization organ, are located in more

ventral (resp. dorsal) portions of the sensorimotor cortex.

Ipsilateral somatotopy in M1 and brain laterality

Motor somatotopy in the ipsilateral M1 is an even more

contentious topic and has been reported as being less

clear-cut as compared to its contralateral correspon-

dent.24,35,36 Likewise, it has been shown that finger soma-

totopic representations were easier to predict in the

contralateral than in the ipsilateral sensorimotor cortex.33

Furthermore, the centres of gravity were more anterior in

the ipsilateral M1 as compared to the contralateral coun-

terpart although the representations were highly similar.33

Interestingly, during bimanual finger presses, these ipsi-

lateral representations vanished.33 The relationship

between motor somatotopy and brain laterality has been

examined.33,41,42 Kapreli et al.41 and Luft et al.42 showed

that the SMA and M1 were differentially involved in

upper and lower limb movements and that some move-

ments were more lateralized than others.

Motor and somatosensory somatotopy

The exclusion of motor performance and sensory stimula-

tion is particularly difficult as movements often evoke

activity in the primary somatosensory cortex (S1). Whether

this phenomenon is linked to horizontal connections

between regions in the cortex responsible for, for example,

grasping behaviour, to simultaneous tactile stimulations or

to information processing linked with proprioception

remains open for discussion. For example, Kleinschmidt

et al.15 performed somatosensory control experiments to

exclude the possibility of fMRI being incapable of deter-

mining different activation foci. Indeed S1 is known to

unveil a more segregated somatotopy than M1, as shown

in subsequent fMRI experiments, which explicitly com-

pared M1 and S1 somatotopy.23,31,34 In contrast to M1,

finger representations were shown to be associated with

more posterior locations in the ipsilateral as compared to

the contralateral S1.33

Somatotopy in other cortical structures

Somatotopy in the SMA is thought to be constituted of

more overlapping representations in comparison to those

in M1.18,35 Ipsilateral somatotopy is still more integrated

than the contralateral equivalent.35 In contrast to within-

limb and finger somatotopy, between-limb somatotopy

appears to be present in the SMA and other non-primary

motor areas such as the cingulate motor area.28,43,44 Soma-

totopy representations are more mixed in the SMA as com-

pared to S1.23 Conversely, it has been reported that other

non-primary motor areas, such as the premotor cortex, pres-

ent more segregated representations than M1, at least when

the motor task performed by the volunteers requires cogni-

tive operations, such as reaching complex targets with

flexion of the ankle, elbow and index finger.23 In the afore-

mentioned study, superior and inferior parietal lobules

were also shown to exhibit a motor somatotopy. Multisen-

sory maps can likewise be elicited in parietal areas of the

cortex, which seem to be the site of high-level integration

between retinotopic and somatosensory maps.45,46 Soma-

totopy during movements has also been shown in the

insula.47 Again, one has to bear in mind that induction of

concomitant sensory stimulation is usually inevitable dur-

ing motor tasks.

The possible reasons for the overlap

The substantial overlap between representations has led

some researchers to argue against the existence of motor

somatotopy. Others propose a more relaxed definition for

motor somatotopy, which rather than being discrete is con-

stituted by a combination of overlap and discrete centres or

gradients of neuronal response predominance, allowing for

flexible motor control and coordination of joints during

complex movements.17,20,22,30,32,35,48,49

Co-activation of muscle effectors. The lack of motor somato-

topy has also been considered as a methodological issue

arising from the co-activation of multiple muscle effectors,

even during the simplest motor tasks.13,23,25,41,50 It has

been argued that the effort required to restrain movements

to a specific body part would require the involvement of
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even more muscle effectors.17,20 For example, moving only

the middle finger requires simultaneous efforts not to move

the other fingers. Technical developments such as electro-

myography (EMG) during fMRI acquisition23,41,50 or the

design of adaptable splints to restrain unwanted move-

ments13,25 have been used to partially solve this issue. Fin-

ger somatotopy constitutes a special case, as finger presses

can be easily recorded with commercial response boxes or

customized keyboards.33 Nonetheless, Ejaz et al.14 showed

that the correlational structure of finger representations in

M1 was only partially predicted by muscle activity as

recorded using EMG and that quotidian finger muscle

usage was a better predictor of the functional organization

of fingers in M1. The quest for control of movements is

particularly a challenge in speech somatotopy studies.

Indeed Belyk and Brown37 attempted to dissociate vertical

and horizontal movements of the larynx, which are, in

principle, controlled by extrinsic and intrinsic laryngeal

muscles, respectively. Participants needed to be trained

before scanning to execute the movements appropriately,

and researchers checked for the absence of subvocalization

or concomitant movements of the tongue or jaws.

Motor somatotopy and artefacts in fMRI. Increased distortions

of the magnetic field due to the movements of face and

neck muscles and head motion during scanning are major

concerns that drove some research on the optimal fMRI

acquisition protocols51 or the use of sparse temporal sam-

pling techniques.40 It has to be mentioned that even move-

ments of the limbs, especially proximal body parts, can

substantially corrupt the interpretation of fMRI results.

Realignment parameters computed during spatial registra-

tion of fMRI data are therefore usually reported in fMRI

studies, especially in fMRI studies of motor function. Alter-

natives, such as passive movements, have been proposed in

order to reduce the participant’s head motion.52

Spatial ordering of motor function

The issue of somatotopic order, sometimes referred to as

orderly somatotopy, is also a source of controversy.

Depending on the region of interest, several axes poten-

tially enable the separation of body part representations.

One can identify the dorsoventral axis, which segregates

the representation of fingers in S134 as well as the knees

and toes in the sensorimotor cortex.25 It also separates the

lip, tongue and jaws in M140 together with the medio-

lateral axis. The latter dissociates the representations of the

knee, toes and ankle. Together with the rostro-caudal axis,

it also separates the fingers and lower limb representations

in the primary sensory and motor cortices.25,34 Neverthe-

less, Meier et al.27 revealed that the hand and arm repre-

sentations in contralateral M1 violate the orthodox

somatotopic ordering along the superior–inferior direction

by presenting a core and surround organization, with the

activity clusters corresponding to the arm and wrist

bracketing the finger. This double representation was con-

firmed by Strother et al.,18 although their results indicate that

the representations of fingers, wrist and elbow differ at least

on one dimension in the SMA. The orthonormal bases rep-

resented by x-, y- and z-dimensions in the Montreal Neuro-

logical Institute (MNI) space can therefore shed light on the

topographical organization of motor function and give clues

about the relevance of each axis for different brain regions.

Spatial registration for the improvement of motor
somatotopy mapping

Considering the conformation of the cortical sheet, the

three dimensions mentioned above might not be appropri-

ate when studying spatial organization of functions, espe-

cially when the functional representations are close to

major cortical gyri and sulci. Methods performing unfold-

ing and flattening of the cortical sheet allow for the projec-

tion of functional representations into a 2D space where the

significance of topographical organization can be revealed

more accurately.14,18,25–27,32,33 This procedure can improve

not only the visualization of topography but also the calcu-

lation of distances between activation sites.

Quantification of segregation

The disagreements regarding the existence of within-limb

motor somatotopy relate to the as yet unresolved issue of

segregated or overlapping representations. Some studies

explicitly tested for the degree of segregation using metrics

such as Euclidean distances between activation maxima or

centres of gravity.13,18,23,24,26,30–32,34,35,40 Centres of gravity

were sometimes weighted by the strength of the BOLD con-

trast at each coordinate,34 and other methods, such as selec-

tivity indices, were also developed.36 Generally speaking,

the overlap between representations was frequently found

to be significant, while geographic approaches, which used

distance metrics, were able to reveal somatotopic order and

segregation.13,15,18,23–27,30,31,34,35 This was especially true

for within-limb and finger somatotopy, where subtractive

approaches, which contrast each movement against all

other movements rather than against motor rest conditions,

helped to reveal somatotopic patterns when combined with

geographic procedures.15,32,36 Excluding voxels corre-

sponding to representation overlap also improved the

separation of motor somatotopy activity patterns.30,31

Recent studies employed more advanced methods to inves-

tigate the predictability and dissimilarity of representations

of motor somatotopy such as classification and similarity

analyses.14,29,33,47,53

Design of experiments for the improvement of motor
somatotopy mapping

Instead of focusing on post-processing methods enabling

the measure of topography, other studies concentrated on
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the improvement of the experimental design of the fMRI

paradigm.29,36 Somatotopic gradients were revealed across

an impressive set of body parts in Zeharia et al.29 but geo-

graphic coordinates of peaks or centres of gravity were not

explicitly tested, although BOLD activation varied along

different portions of the SMA and M1 in a continuous

fashion. Additionally, the authors reported the presence

of a negative BOLD homunculus in M1, suggesting that

where the BOLD response increases for a specific body

part, the activity decreases for other body parts. Neverthe-

less, the explanation that their design induced temporal

contamination from one trial to the next cannot be fully

rejected, even if the slow event-related design, comprising

9-s epochs, revealed negative correlations. Indeed, it has

been shown that the hemodynamic response function can

last more than 9 s.54 Moreover, Olman et al.36 demon-

strated that, in contrast to retinotopic experiments, sequen-

tial designs are less well suited to motor somatotopy

mapping, which is possibly linked to the predictability of

the upcoming movement. Random-order designs provide

more even distributions of activations for finger movements.

Motor somatotopy and its prediction by anatomical
landmarks

Anatomical landmarks have been proposed to predict the

topography of motor functions. For example, the ‘hand

knob’ is renowned to encompass activity related to fist

movement in M155 and was used as a boundary for data

acquisition and analyses in the study conducted by Dechent

and Frahm.32 Other studies have explicitly considered the

links between brain structure and function; for instance,

Chainay et al.43 found that the paracentral sulcus may be

considered as an anatomical landmark of limb representa-

tion in the SMA. The location of fingers, elbow and wrist

representations seems to be well predicted by the hand

knob.18 Ejaz et al.14 recently demonstrated that everyday

hand usage reliably predicts the correlational structure of

finger representations in M1 and S1. This correlational

structure was stable in time although substantial variability

between individuals was observed. The study also showed

that this similarity between representations is not necessa-

rily linked to the position of activation clusters along the

cortical sheet.

Conclusion and perspectives

We showed that the overlap between body representations

was substantial, especially in non-primary motor cortices.

However, geographic approaches were able to reveal soma-

totopic ordering. From contralateral motor cortex somato-

topy, which matches the iconic homunculus relatively well,

to the subtleties of ipsilateral somatotopy and its relation to

brain laterality, we overviewed potential reasons explain-

ing the lack of separation between representations, includ-

ing the lack of separability of muscular effectors,

integration for flexible motor control and coordination for

complex movements and artefacts in fMRI. Methodologi-

cal developments in terms of the design of experimental

paradigms, MR acquisition, spatial registration and the

quantification of the degree of segregation between differ-

ent functional representations were emphasized. Finally,

we provided some clues as to how functional organization

of motor function might be predicted by anatomical land-

marks. This approach requires highly accurate spatial reg-

istration algorithms which make use of nonlinear

transformations to a 3D standardized space or the

projection to a flattened 2D representation to escape

inter-individual variability in cortical folding. However,

inter-individual variability in the organization of functional

representations persists,14 and we highlighted the advan-

tages of more recent methods provided by similarity anal-

yses, classification schemes and other multivariate analyses

in combination with mass-univariate analyses. For exam-

ple, repeated-measures multivariate analysis of variance

could be used to assess segregation of functions along a

linear combination of stereotaxic dimensions. The latter

suggestion could be particularly interesting when multiple

dimensions yield contradictory results among different sub-

jects. Here, surface-based methods represent a major devel-

opment in the study of spatial distribution of activation sites as

they make the use of Euclidean distances more valid. How-

ever, the latter method is limited to the investigation of cor-

tical structures.

Biomechanical and postural constraints were proposed

as a mechanism preventing the existence – or the assess-

ment – of a discrete somatotopy. Self-organizing maps

were shown to be effective in reconstructing the observed

motor somatotopy maps and explaining their discrepancy

with the predicted discrete homunculus by the multiple

constraints in play, such as the relevance of movements

in an ethological context and coordination of movements

for complex actions.56–58 The aforementioned hypotheses

might also explain why motor somatotopy represents a

more integrated case of topography as compared to retino-

topy and somatosensory somatotopy. Geographic

approaches, which consider the location of representations

in the 3D space, remain the most commonly used technique

to assess the segregation of functional representations, and

several limitations need to be mentioned regarding these

techniques. Estimating centres of gravity requires the

thresholding of continuous multivariate spatial processes.

The threshold value can vary from one study to another and

from one individual subject to another. This procedure has

been shown to pose serious issues, for example, in test–

retest fMRI studies.59 The crucial point is that estimating

centres at the subject level is the only option for the statis-

tical assessment of spatial organization of functional repre-

sentations at the group level, but it is exactly at the subject

level that the reliability of thresholding is questionable.

Activation maxima would in principle eschew this problem

but have been found to be more sensitive to noise and less

Marquis et al. 5



reliable than centres of gravity.13,26 Furthermore, activation

maxima do not take into account the spatial extent of the

activation clusters. The above points explain why recent

developments such as multivariate analyses are particularly

promising for the evaluation of organization of functions

using fMRI.

We mentioned above that methods applying a projection

of functional representations onto a surface couldn’t be

used beyond cortical areas. This point is particularly impor-

tant as deeper brain nuclei are thought to contain motor

somatotopy, although the conclusions from fMRI studies

are highly controversial. There is indeed some evidence

that the striatum, the pallidum and the thalamus contain a

topographic organization of motor function.47,60–64 While

high-resolution fMRI has been suggested as a promising

tool in most of fMRI studies of motor somatotopy, deep

brain nuclei probably necessitate fMRI especially for small

voxel size. However, this has a non-negligible cost in terms

of signal to noise ratio. The observation of Meier et al.27

concerning the variability of the hemodynamic response

function across subjects could be extended to deep brain

nuclei, which could elicit further variability in the shape of

the BOLD response. The investigation of pathological con-

ditions such as movement disorders would probably benefit

from methodological advances to map and quantify the

organization of motor function in deep brain nuclei. More-

over, the assessment of changes in cortical organization

induced by pathological conditions and the follow-up of

cortical reorganization are of vital importance for the

understanding of the underlying mechanisms of brain dis-

ease and recovery. Furthermore, the use of non-invasive

methods such as fMRI holds promise as tools for measuring

these mappings and building a predictive model of brain

function.
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Abstract 

Background 

There is much debate about the impact of dopaminergic depletion in idiopathic Parkinson’s 

disease on brain’s ability to integrate or segregate motor and non-motor information across 

cortico-subcortical circuits. Given the empirical evidence that diffusion-based estimates of 

connectivity can reveal the topography of cortico-basal ganglia projections in humans in vivo, 

we sought to test if dopamine depletion is associated with loss of segregation in Parkinson’s 

disease.  

Methods 

Using state-of-the-art magnetic resonance imaging and diffusion-based tractography, we 

compared covariance components of structural connectivity patterns in Parkinson’s disease 

patients (n=19) and healthy individuals (n=19).  

Results 

The topology analysis showed differential spatial patterns of overlapping and segregated 

limbic, associative and motor cortico-subcortical projections between patients and controls. 

Within the Parkinson’s disease group, we observed associations between the degree of loss 

of spatial segregation with individuals’ motor and non-motor features grouped in anxiety-

depression, cognitive decline and motor impairment phenotypes.  

Conclusions 

We interpret our findings as correlates of dopaminergic dysfunction-related remapping of 

cortico-subcortical connectivity across limbic, associative and sensorimotor circuits.  
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Introduction 

Despite significant progress in understanding the effects of dopamine depletion on brain 

anatomy in idiopathic Parkinson’s disease (PD) our knowledge about the association 

between clinical features and structural properties of cortico-subcortical connectivity is still 

limited. Besides the characteristic motor impairment, patients with PD feature a range of 

non-motor symptoms including apathy, depression, anxiety and cognitive impairment (1). 

The inter-individual variability of motor and non-motor symptoms is thought to originate 

from the differential modulation of information transfer along direct and indirect cortico-

subcortical pathways (2). The presumption here is that the specific involvement of either 

limbic, associative or motor circuits defines the expression of a particular clinical phenotype. 

Recent studies challenged the standard “box-and-arrow” model of extra-pyramidal motor 

disorders, demonstrating the high level of heterogeneity and context-specificity among 

“within-the-box” striatal projection neurons. The notion of dopamine-related loss of 

neuronal specificity that leads to abnormal segregation and integration of information 

across basal ganglia circuits (3) became a debated topic (4). Given that recordings in non-

human primate models of PD (5) and recent reports in patients undergoing deep brain 

stimulation (6) supported the “loss-of-specificity” hypothesis, we translated it in the brain 

anatomy context to topology differences in structural connectivity. Previous non-invasive 

studies of cortico-subcortical connectivity in humans using diffusion-sensitive magnetic 

resonance imaging (MRI) showed the structural basis of segregative and integrative cortico-

basal ganglia circuits (7). Based on a similar method, including the hyper-direct pathway 

and cerebellar connections, recent work demonstrated local and global connectivity 

differences in PD patients stratified based on their clinical phenotype (8).   

Our study investigates dopamine depletion-associated loss of segregation within cortico-

subcortical circuits to further link the derived patterns to clinical phenotypes of PD. We 

hypothesized that dopamine depletion affects the segregation of cortico-subcortical circuits 

into limbic, associative and motor loops. Aiming at optimal anatomical precision, we used 

spherical deconvolution – an established diffusion-based tractography technique that has 

shown higher reliability in the motor system compared with tensor-based methods (9). For 

topology analysis of structural connectivity, we used the Pattern Component Model - PCM 

(10) to calculate Index-of-Similarity (IoS) that quantifies the level of structural segregation 

between connectivity patterns in PD patients and healthy individuals. To further assess the 

clinical relevance of the methodology, we compared patients’ level of anatomical segregation 

by stratifying across clinical phenotypes.  
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Methods 

Participants 

After obtaining written informed consent we included 32 patients and 27 healthy controls 

(HC) that took part in a functional imaging experiment (11). 3 patients were excluded due 

to revision of the initial clinical diagnosis, 1 HC was excluded because of incomplete data. Of 

the remaining 29 PD datasets, 10 were excluded due to excessive head motion. The 

remaining 19 patients were sex and age-matched pair-wise with 19 out of 26 HCs.  

Clinical assessment 

Patients were evaluated by 3 board-certified neurologists using the Unified Parkinson’s 

Disease Rating Scale (UPDRS) and Hoehn and Yahr staging (H&Y). For assignment of body 

side predominance of symptoms, we used the lateralised bradykinesia sub-score (12) that 

differentiated left-sided (PD-L, n=11) from right-sided (PD-R, n=8). Neuro-psychological 

testing included the Montreal Cognitive Assessment – MoCA, the self-assessment part of the 

Apathy Inventory and the Hospital Anxiety and Depression – HAD scale. MoCA scores were 

binarized (cut-off: < 26) to maximise the distinction between patients with and without 

cognitive impairment (13). 

Stratification of clinical characteristics 

For data-driven stratification of clinical phenotype characteristics we used spectral 

clustering consisting of principal component analysis (PCA) followed by a K-means 

clustering. The PCA step used as input standardised clinical scores, including H&Y stage, 

apathy, depression, anxiety, and binarized MoCA scores. Given that 8 patients were tested 

OFF and 11 ON dopaminergic medication, we used the H&Y stage rather than dopamine 

medication-dependent UPDRS scores. For the next K-means step, we retained three 

components explaining more than 80% of the variance. K-means clustering was repeated 

100 times with different starting centroids to avoid local minimum problem. Based on 

silhouette analysis and within-cluster sums of points-to-centroid distances – WCD, and in 

order to obtain subgroups of comparable size with specific clinical symptoms, patients were 

divided into three subgroups: patients with motivational, anxious and depression-

predominant symptoms (PD-MDp, n=3), patients with cognitive impairment-predominant 

symptoms (PD-MCIp, n=7), and patients with motor-predominant symptoms (PD-Mp, n=9). 

MRI acquisition 

MRI data was acquired on a 3T Prisma MRI scanner (Siemens, Erlangen, Germany). The 

diffusion-weighted imaging (DWI) protocol consisted of 2D echo-planar imaging sequence 

with TR/TE=7420/69ms, parallel GRAPPA acceleration factor=2, FOV=192x212mm2, 

matrix size=96x106, 70 axial slices, 2mm isotropic voxel dimension, 118 diffusion 
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sensitization directions (15 at b=650s/mm2, 30 at b=1000s/mm2 and 60 at b=2000s/mm2) 

and 13 b=0 images interleaved throughout the acquisition. Diffusion directions were equally 

distributed for each b-value shell using an electrostatic repulsion algorithm (14). To achieve 

optimal delineation of basal ganglia and thalamus (15) we acquired multi-parameter maps 

(MPM) at 1.5mm isotropic voxel size using multi-echo 3D-FLASH acquisitions yielding maps 

of magnetization transfer (MT) saturation with FoV: 256x240x176mm; matrix size: 

160x150x120mm. MPMs were corrected for radio frequency (RF) transmit inhomogeneities 

using a RF transmit field (B1) map after removing geometric distortions and off-resonance 

effects using a static magnetic field (B0) map (16). 

MPMs pre-processing 

Each participant’s MT saturation map was processed using the FreeSurfer version 5.3.0 with 

default settings (http://surfer.nmr.mgh.harvard.edu/). After surface reconstruction, we 

calculated the optimal transformation from the individual participant’s surfaces to an 

average brain (17). The transformations served for bringing the gyri-based cortical 

parcellation into each individual’s native image space. 

DWI pre-processing 

DW images were corrected for eddy currents and subject motion using the FSL EDDY tool 

(18) and the gradient directions were rotated to correct for subject movement (19). The B0 

maps acquired as part of the structural imaging session were used to correct for EPI 

susceptibility distortions with the SPM field mapping toolbox (20). The DW images were 

then rigid body aligned to the MT saturation map using the mean b=0 image. 

All processing procedures described in this section were performed using the MRTrix3 

software package (www.mrtrix.org). The constrained spherical deconvolution (CSD) fibre 

orientation distributions (FODs) were calculated using a multi-shell, multi-tissue CSD 

(MSMT-CSD) algorithm which has been shown to reduce the presence of spurious fODF 

peaks in voxels containing GM and CSF partial volumes (21). The spherical harmonic degrees 

used for the WM multi-shell fibre response functions were lmax=[0,2,6,10] for each b-value 

shell respectively. GM and CSF response functions were assumed to be isotropic with lmax=0 

for each shell. All tractography streamline reconstructions were made using the 

probabilistic 2nd-order Integration over Fibre Orientation Distributions (iFOD2) algorithm 

(22) in conjunction with the ACT framework (23). The following parameters were used for 

streamline tracking of each study participant: step size 1mm, maximum curvature per step 

45°, length 5-250mm, FOD amplitude threshold 0.1. Sub-cortical seed regions comprised the 

caudate, putamen and thalamus. For each subcortical seed, tractography was run with a 

seeding density of 51’653 streamlines per voxel. Streamlines were projected uni-
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directionally and accepted if they reached an ipsilateral cortical mask, defining all cortical 

areas of the corresponding hemisphere as potential targets.  

We selected a set of cortical targets, identified using the Desikan-Killiany atlas (24), and 

grouped them into sensorimotor, associative and limbic areas, identical to our previous 

work (7). The superior frontal gyrus was not considered as a target because it comprised 

the supplementary motor area, making it difficult to attribute the region to the sensorimotor 

or associative group. Only the subset of fibres terminating in these cortical locations was 

included in further analysis.  

We defined structural segregation as the divergence of topographically-organised 

connectivity to different groups of cortical targets. According to this definition, voxel-wise 

correlation between the number of connections for each target should be low in case of 

segregation, whereas overlap occurs when the same voxels in a seed ROI are connected to 

multiple target ROIs (Figure S1). 

Pattern component modelling 

To make statistical topology inferences, we used the PCM (10), a Bayesian method that 

quantifies and tests the similarity of two complex patterns. The input to the PCM consisted 

of a VOXEL x TARGET matrix, indicating for each voxel the number of connections to each 

group of cortical targets assuming no shared variance in the variance-covariance matrix. We 

performed three PCM analyses with different experimental design that included two factors 

(TARGET and GROUP) for the estimation of the similarity between groups of cortical targets 

based on the participant’s stratifications: i. PD vs. HC, ii. PD-L vs PD-R and iii. PD-MDp vs. 

PD-MCIp vs. PD-Mp. 

The estimation of IoS used the same method previously applied to functional MRI (25). In 

summary, we derive the IoS from the Fisher r-to-z’ transformation of the correlation 

coefficients between connectivity patterns obtained with PCM. The mathematical 

formulation of IoS is as follows: 

𝐼𝑜𝑆 =  |𝑡𝑎𝑛ℎ−1(𝑟)| 

Given the above equation, IoS captures the degree of segregation such that the more 

segregated the patterns are, the higher the IoS value is. For the statistical comparison of the 

IoS values between groups of participants, we computed appropriate Z-statistics and 

adjusted the corresponding p-values for multiple comparisons using Bonferroni correction. 
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Univariate voxel-based analyses of connection density 

Aiming to verify the consistency of connection topography across individuals, we performed 

three separate voxel-based analyses of tract numbers as a function of two factors: group of 

projections to cortical target (TARGET) and group (GROUP), using previously defined 

groups of participants. In each analysis, we used T-test for simple effect and F-test for main 

effect of GROUP and the interaction effect between GROUP and TARGET. The statistical 

threshold for the univariate voxel-based analyses was set to p<0.001, uncorrected for 

multiple comparisons, with a minimal cluster extent (k) of 10 voxels. 

Results 

Demographic and clinical characteristics 

Two-tailed two-sample t-test did not show age differences between PD and HC groups 

(t(36)=0.67, p=0.58; PD: 64.47±1.74 standard error, or SEM; HC: 62.89±1.56 SEM). Age 

ranges were also similar between PD-L (62.27±1.87), PD-R (67.5±1.36) and HC (p>0.05 for 

all pair-wise comparisons), as well as between PD-MDp (58.33±1.18), PD-MCIp 

(65.71±2.36), PD-Mp (65.56±1.19) and HC (p>0.05 for all pairwise-comparisons). Levodopa 

Equivalent Dose (LED) did not differ between PD L (537.86±251.06 SEM) and PD-R 

(357.06±136.10 SEM) groups (t=-0.57; p=0.5773). It should be noted that although MRI data 

was pooled across PD patients OFF and ON medication, there was no effect of medication 

status on bradykinesia subscore difference between visits for PD patients tested ON an OFF 

(t=0.40; p=0.6928). 

Clustering of clinical phenotype 

The PCA decomposed the correlation matrix of clinical characteristics (Table S1) into five 

principal components that explained the variance (1st – 38%; 2nd – 23%, 3rd – 19%; 4th - 

13.5% and 5th - 6%). After varimax rotation, the 1st component showed a higher contribution 

of anxiety, depression and apathy scores, the 2nd – for cognitive performance (estimated 

with MoCA), the 3rd – for motor impairment (based on H&Y stage). The first three 

components together explained 80% of variance (Figure 1B) and were therefore kept for k-

means clustering. The clustering with k=3 corresponded to the optimal solution (Figure 1C) 

by producing groups of equivalent sizes and with high silhouette values, within-cluster sums 

of point-to-centroid distances without introducing groups of only one patient (Figure 1D 

and Figure S3). 

Structural connectivity patterns  

Across all seed ROIs, there were between 100 and 1’000 streamlines reaching motor, 

associative and limbic cortical areas from most voxels. The ventral striatum was 

predominantly connected to limbic areas, while the dorso-lateral striatum and ventro-
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lateral thalamus were mostly connected to sensorimotor areas. The body of the caudate, the 

putamen and the medial anterior portion of the thalamus were connected to associative 

cortical regions (Figure S2). The univariate voxel-based analyses of connection density 

confirmed the robustness of topographical patterns across participants (Tables S2-4, 

Figures S4-S11). Neither the main effect of GROUP (disease, symptoms laterality or data-

driven stratifications) nor the interaction between GROUP and TARGET was significant 

(p<0.001, k≥10). 

Disease stratification: We observed that in the right caudate, IoS estimates were higher in PD 

compared to HC between sensorimotor and associative projections (p=0.002). In the right 

putamen IoS estimates were higher in PD compared to HC between associative and limbic 

targets (p<0.001). In the left putamen, PD had lower IoS between associative and limbic 

projections (p<0.001) (Figure 2). 

Symptoms laterality stratification: both PD groups, PD-L and PD-R, showed in the right 

caudate higher IoS estimates between sensorimotor and associative projections (p=0.028 

for PD-L against HC, p<0.001 for PD-R against HC). The two groups also showed in the right 

putamen higher IoS estimates between associative and limbic compared to HC (p<0.001; 

Figure 3). Compared to HC, PD-L showed higher IoS (p<0.001), while PD-R - lower IoS 

(p=0.002) between associative and limbic projections in the left thalamus. PD-L had higher 

IoS between associative and limbic projections compared to PD-R (p<0.001) in the left 

thalamus, whereas PD-R had higher IoS than PD-L between sensorimotor and associative 

projections in the right caudate (p=0.007). 

Data-driven stratification: We observed higher IoS estimates bilaterally in the caudate for 

each pair of cortical projections in the PD-MDp group (p<0.001; Figure 4). The PD-MDp 

group had a lower IoS between associative and limbic targets in the right thalamus 

compared to HC (p<0.001) and PD-MCIp (p=0.00845). In the right putamen, all PD groups 

had higher IoS between associative and limbic projections than HC (p<0.001 for PD-MDp, 

PD-MCIp and PD-Mp), whereas in the left putamen, IoS values between associative and 

limbic projections were lower for PD-MDp and PD-Mp compared to PD-MCIp (p<0.001 and 

p=0.004) and to HC (p<0.001). In the left thalamus, PD-MCIp had higher IoS estimates 

between associative and limbic projections (p<0.001 pair-wise against HC, PD-MDp and PD-

Mp). PD-Mp’s IoS between sensorimotor and associative projections were lower in the left 

(p=0.03214) but higher in the right (p<0.001) caudate. 
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Discussion 

We used state-of-the-art diffusion-based tractography to demonstrate abnormal patterns of 

anatomical segregation in cortico-subcortical circuits of patients with PD. The derived 

Index-of-Similarity – IoS, provided a data-driven approach for statistical comparison of 

structural connectivity topology that is complementary to voxel-based analysis of 

connection densities. The observed connectivity patterns showed differences related to the 

main effect of disease and differentiated between PDs motor and non-motor phenotypes. 

We interpret our findings of increased overlap between normally segregated structural 

connectivity patterns in the context of the hypothesised dopamine-associated loss of 

neuronal specificity. 

One of our key findings was the high degree of similarity between limbic and associative 

projections, which contrasts with the divergence between sensorimotor and associative 

connectivity patterns in putamen and thalamus. While we observed hemisphere-specific 

differential connectivity in the putamen, we did not find effects of disease on segregation 

between limbic and associative circuits in the thalamus. Given the absence of limbic and 

associative connectivity differences in the caudate, we abstain from interpretations pointing 

towards micro-vascular lesion effects on fronto-striatal projections leading to executive 

dysfunction (26). The side-specific degree of segregation in the putamen can be associated 

with the differential neuro-anatomical basis of executive deficits occurring both in healthy 

ageing and PD with the striatum being preferentially affected in PD (27). After further 

stratifying PD patients according to the predominantly-affected body side, we observed a 

more accentuated loss of segregation between associative and sensorimotor circuits in the 

right caudate in PD. The right putamen and left thalamus showed the expected pattern, with 

high similarity between limbic and associative circuits. The absence of hemispheric 

specificity to individuals’ motor phenotype, calls for cautious interpretation of the observed 

effects. It should be noted that the possible correlation between IoS estimates and clinical 

scores could not be tested, as IoS can only be calculated at the group level. Given that HC and 

PD groups were age- and gender-matched, that symptoms laterality was not affected by 

medication status and LED, and data-driven stratification was performed using H&Y stage, 

we are confident that our results are not influenced by dopaminergic medication status 

differences. 

Our data-driven approach of feature reduction defined three main phenotypes linked to 

anxiety-mood-motivation, cognition and pure motor impairment. This is not an unexpected 

finding given the importance of non-motor symptoms in PD (28). The most striking finding 

here, though in a few patients only, is the pronounced loss of segregation in limbic, 
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associative and motor circuits in caudate bilaterally linked to depressive symptoms. Recent 

studies confirm the parametric association between caudate nucleus dopamine transporter 

availability and severity of depressive symptoms (29). Similarly, large-scale data from the 

Parkinson’s Progression Markers Initiative (PPMI) database corroborate the importance of 

early caudate dopaminergic denervation for higher frequency of cognitive impairment, 

depression and gait problems (30). Changes in the structural segregation of connectivity 

patterns were not mirrored by changes in the density of connections. Despite the anatomical 

plausibility of the obtained connectivity patterns, we did not find significant connection 

density differences between groups. The assumption that PD affects connection density and 

henceforth biases results in terms of structural segregation is therefore unlikely. 

We acknowledge a number of limitations in our study. In light of big data repositories, e.g. 

PPMI, the Alzheimer’s Disease Neuroimaging Initiative ADNI and the UK Biobank, our 

sample is rather small. This makes the results of our study difficult to generalize to the entire 

PD population and calls for further investigation. Given that we acquired data in both OFF 

and ON dopaminergic medication, our presumption is that dopaminergic state does not 

affect DWI data, which remains controversial. From a neuroimaging methodology 

perspective, we are aware of the low reliability of diffusion-based tractography, therefore 

we restrict our analysis to relatively well-distinguishable subcortical structures – striatum 

and thalamus, to achieve a sufficient degree of anatomical plausibility (7). Nevertheless, the 

arbitrariness of our choices for target areas that constitute limbic, associative and motor 

areas combined with the inherent lack of robustness of tractography methods could explain 

some inconsistencies in our results. Similarly, we recognise the fact that we categorize brain 

areas using absolute boundaries, whereas they are better described by gradients. 

In summary, we introduce a data-driven approach to the estimation of the degree of spatial 

segregation between cortico-subcortical circuits that is sensitive to the effects of PD on basal 

ganglia and thalamic projections and helps distinguishing between clinical phenotypes in PD. 

Further studies could validate the robustness of the method as novel biomarker for 

monitoring motor and non-motor aspects of PD in due course of treatment and disease 

progression.  

 

Acknowledgments, Funding and Financial Disclosure Statement 

We would like to thank all those who participated in the study, Dr Deepa Pothalil and Dr 

Elisabeth Roggenhofer for clinical evaluations. BD is supported by the Swiss National 

Science Foundation (NCCR Synapsy, project grants Nr. 32003B_135679, 32003B_159780, 

324730_192755 and CRSK-3_190185) and the Leenaards Foundation. LREN is very grateful 



11  

to the Roger De Spoelberch and Partridge Foundations for their generous financial support. 

The research leading to these results has received funding from the European Community’s 

Horizon 2020 research and innovation program under grant agreement no 871643. During 

the past 12 months, authors have received funding from institutions, including grants and 

employment, that was not related to the current work. RM was supported by the Swiss 

National Science Foundation (Sinergia project CRSII5_170873, Nr. 189129) and Techno 

Concept SARL (Manosque, France). DS was employed by F. Hoffmann-La Roche AG. MJ is 

supported by the Swiss National Science Foundation (Nr. 176153). 

 

Conflict of interests 

No conflict of interests. 

 

Author’s Roles 

RM, DS and BD contributed to the design and implementation of the research. RM carried 

out the experiment. RM analysed the data with support from DS and FK. RM and DS wrote 

the manuscript with support from MJ, FK and BD. All authors discussed the methods and 

results of this study and contributed to the final work. 

  



12  

References 

1.  Chaudhuri KR, Healy DG, Schapira AHV, National Institute for Clinical 

Excellence. Non-motor symptoms of Parkinson’s disease: diagnosis and management. 

Lancet Neurol. 2006 Mar;5(3):235–45.  

2.  Albin RL, Young AB, Penney JB. The functional anatomy of basal ganglia 

disorders. Trends Neurosci. 1989 Oct;12(10):366–75.  

3.  Bronfeld M, Bar-Gad I. Loss of specificity in Basal Ganglia related movement 

disorders. Front Syst Neurosci. 2011;5:38.  

4.  Marmor O, Rappel P, Valsky D, Bick AS, Arkadir D, Linetsky E, et al. 

Movement context modulates neuronal activity in motor and limbic-associative domains 

of the human parkinsonian subthalamic nucleus. Neurobiol Dis. 2020;136:104716.  

5.  Pessiglione M, Guehl D, Rolland A-S, Francois C, Hirsch EC, Féger J, et al. 

Thalamic neuronal activity in dopamine-depleted primates: evidence for a loss of 

functional segregation within basal ganglia circuits. J Neurosci. 2005 Feb;25(6):1523–

1531.  

6.  Neumann W-J, Schroll H, de Almeida Marcelino AL, Horn A, Ewert S, Irmen F, 

et al. Functional segregation of basal ganglia pathways in Parkinsons disease. Brain. 

2018 Aug;12(Pt 1):366–15.  

7.  Draganski B, Kherif F, Kloppel S, Cook PA, Alexander DC, Parker GJM, et al. 

Evidence for Segregated and Integrative Connectivity Patterns in the Human Basal 

Ganglia. J Neurosci. 2008 Jul;28(28):7143–52.  

8.  Quartarone A, Cacciola A, Milardi D, Ghilardi MF, Calamuneri A, Chillemi G, 

et al. New insights into cortico-basal-cerebellar connectome: clinical and physiological 

considerations. Brain J Neurol. 2020 Feb 1;143(2):396–406.  

9.  Farquharson S, Tournier J-D, Calamante F, Fabinyi G, Schneider-Kolsky M, 

Jackson GD, et al. White matter fiber tractography: why we need to move beyond DTI. J 

Neurosurg. 2013 Jun;118(6):1367–1377.  

10.  Diedrichsen J, Ridgway GR, Friston KJ, Wiestler T. Comparing the similarity 

and spatial structure of neural representations: A pattern-component model. 

NeuroImage. 2011 Apr;55(4):1665–1678.  

11.  Jastrzębowska MA, Marquis R, Melie-García L, Lutti A, Kherif F, Herzog MH, 

et al. Dopaminergic modulation of motor network compensatory mechanisms in 

Parkinson’s disease. Hum Brain Mapp. 2019;40(15):4397–4416.  

12.  Buck PO, Wilson RE, Seeberger LC, Conner JB, Castelli-Haley J. Examination 

of the UPDRS bradykinesia subscale: equivalence, reliability and validity. J Park Dis. 

2011;1(3):253–258.  

13.  Dalrymple-Alford JC, MacAskill MR, Nakas CT, Livingston L, Graham C, 

Crucian GP, et al. The MoCA: well-suited screen for cognitive impairment in Parkinson 

disease. Neurology. 2010 Nov;75(19):1717–1725.  

14.  Jones DK, Horsfield M a, Simmons  a. Optimal strategies for measuring 



13  

diffusion in anisotropic systems by magnetic resonance imaging. Magn Reson Med Off 

J Soc Magn Reson Med Soc Magn Reson Med. 1999 Sep;42(3):515–25.  

15.  Helms G, Draganski B, Frackowiak R, Ashburner J, Weiskopf N. Improved 

segmentation of deep brain grey matter structures using magnetization transfer (MT) 

parameter maps. NeuroImage. 2009 Aug;47(1):194–8.  

16.  Lutti A, Hutton C, Finsterbusch J, Helms G, Weiskopf N. Optimization and 

validation of methods for mapping of the radiofrequency transmit field at 3T. Magn 

Reson Med. 2010 May;64(1):229–238.  

17.  Dale AM, Fischl B, Sereno MI. Cortical surface-based analysis. I. Segmentation 

and surface reconstruction. NeuroImage. 1999 Feb;9(2):179–94.  

18.  Andersson JLR, Sotiropoulos SN. An integrated approach to correction for off-

resonance effects and subject movement in diffusion MR imaging. NeuroImage. 2016 

Jan;125(C):1063–1078.  

19.  Leemans A, Jones DK. The B-matrix must be rotated when correcting for subject 

motion in DTI data. Magn Reson Med. 2009 Jun;61(6):1336–1349.  

20.  Hutton C. Image Distortion Correction in fMRI: A Quantitative Evaluation. 

NeuroImage. 2002 May;16(1):217–240.  

21.  Jeurissen B, Tournier J-D, Dhollander T, Connelly A, Sijbers J. Multi-tissue 

constrained spherical deconvolution for improved analysis of multi-shell diffusion MRI 

data. NeuroImage. 2014 Dec;103:411–26.  

22.  Tournier J-D, Calamante F, Connelly A. Improved probabilistic streamlines 

tractography by 2nd order integration over fibre orientation distributions. In: 

Proceedings of the International Society for Magnetic Resonance in Medicine. 2010. p. 

1670.  

23.  Smith RE, Tournier J-D, Calamante F, Connelly A. Anatomically-constrained 

tractography: improved diffusion MRI streamlines tractography through effective use of 

anatomical information. NeuroImage. 2012 Sep;62(3):1924–38.  

24.  Desikan RS, Ségonne F, Fischl B, Quinn BT, Dickerson BC, Blacker D, et al. An 

automated labeling system for subdividing the human cerebral cortex on MRI scans into 

gyral based regions of interest. NeuroImage. 2006 Jul;31(3):968–980.  

25.  Marquis R, Muller S, Lorio S, Rodriguez-Herreros B, Melie-Garcia L, Kherif F, 

et al. Spatial Resolution and Imaging Encoding fMRI Settings for Optimal Cortical and 

Subcortical Motor Somatotopy in the Human Brain. Front Neurosci. 2019;13:571.  

26.  Macfarlane MD, Looi JCL, Walterfang M, Spulber G, Velakoulis D, Crisby M, 

et al. Executive dysfunction correlates with caudate nucleus atrophy in patients with 

white matter changes on MRI: A subset of LADIS. Psychiatry Res Neuroimaging. 

2013;214(1):16–23.  

27.  Gruszka A, Hampshire A, Barker RA, Owen AM. Normal aging and Parkinson’s 

disease are associated with the functional decline of distinct frontal-striatal circuits. 

cortex. 2017;93:178–192.  



14  

28.  Gallagher DA, Schrag A. Psychosis, apathy, depression and anxiety in 

Parkinson’s disease. Neurobiol Dis. 2012;46(3):581–589.  

29.  Yoo S-W, Oh Y-S, Hwang E-J, Ryu D-W, Lee K-S, Lyoo CH, et al. 

“Depressed” caudate and ventral striatum dopamine transporter availability in de novo 

Depressed Parkinson’s disease. Neurobiol Dis. 2019;132:104563.  

30.  Pasquini J, Durcan R, Wiblin L, Gersel Stokholm M, Rochester L, Brooks DJ, et 

al. Clinical implications of early caudate dysfunction in Parkinson’s disease. J Neurol 

Neurosurg Psychiatry. 2019;90(10):1098–104.  

 

  



15  

Figures legends 

 

Figure 1. Clustering of non-motor symptoms in Parkinson’s disease patients. A. 

Principal component analysis with principal component vectors for Hoehn and Yahr stage 

(blue), anxiety score (dark red), depression score (red), apathy score (dark orange) and 

MoCA score (green). B. Scree plot of cumulative percentage of variance explained as a 

function of number of components. Jolliffe’s criterion in red. C. Results of k-means clustering 

with 3 components and 3 groups. Depression-predominant (red), cognitive impairment-

predominant (green) and apathy-predominant (blue) grouping of PD patients. D. Silhouette 

plots for k-means clustering with 3 groups according to identical colour scheme. E. 

Distribution of clinical scores. 

 

Figure 2. structural segregation in parkinson’s disease patients and healthy controls. 

top left panel: 3-dimensional renderings of average number of fibres per voxel for each 

cortical target in rois. bottom left panel: colour-coded representation of number of 

connections to limbic (red), associative (green) and sensorimotor (blue) cortical targets. 

right panels: index-of-similarity – ios, estimates per pair of cortical targets for Parkinson’s 

disease patients (PD), healthy controls (HC) and seed roi. Asterisks indicate Bonferroni-

corrected p-values: p<0.05 (*), p<0.01 (**) and p<0.001 (***). 

 

Figure 3. Index-of-Similarity (IoS) comparison between predominantly left- and right- 

body side affected PD patients. Top left panel: 3-dimensional renderings of average 

number of fibres per voxel for each cortical target in ROIs. Bottom left panel: colour-coded 

representation of number of connections to limbic (red), associative (green) and 

sensorimotor (blue) cortical targets. Right panels: Index-of-Similarity – IoS, estimates per 

pair of cortical targets for left- (PD-L) and right- (PD-R) body side affected Parkinson’s 

disease patients, healthy controls (HC) and seed ROI. Asterisks indicate Bonferroni-

corrected p-values: p<0.05 (*), p<0.01 (**) and p<0.001 (***). 

 

Figure 4. Index-of-Similarity (IoS) along data-driven stratification. Top left panel: 3-

dimensional renderings of average number of fibres per voxel for each cortical target in ROIs. 

Bottom left panel: colour-coded representation of number of connections to limbic (red), 

associative (green) and sensorimotor (blue) cortical targets. Right panels: Index-of-

Similarity – IoS, estimates per pair of cortical targets for depression- (PD-MDp), cognitive 

decline- (PD-MCIp) and lack of motivation- (PD-Mp) predominant Parkinson’s disease 
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patients, healthy controls (HC) and seed ROI. Asterisks indicate Bonferroni-corrected p-

values: p<0.05 (*), p<0.01 (**) and p<0.001 (***). 
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Supplementary methods 

 

 

We define structural segregation as the divergence of topographically-organised 

connectivity to different groups of cortical targets. More specifically, let v be the total 

number of voxels in a seed ROI r, and let i and j be two sets of voxels in r such that 𝑖 ∩ 𝑗 = ∅ 

and 𝑖 ∪ 𝑗 = 𝑈 where U is the set comprising all v voxels in r. If, according to the tractography 

results, the two sets of voxels i and j in r are connected to different cortical areas, i.e. target 

t1 (e.g. limbic) and respectively target t2 (e.g. associative), patterns of connectivity for t1 and 

t2 in r are deemed to be segregated. This case of segregation can be extended to three targets, 

such that three different sets of voxels i, j and k – where 𝑖 ∩ 𝑗 = ∅, 𝑖 ∩ 𝑘 = ∅, 𝑗 ∩ 𝑘 = ∅ and 

𝑖 ∪ 𝑗 ∪ 𝑘 = 𝑈 – are specifically connected to t1 (e.g. limbic), t2 (e.g. associative) and t3 (e.g. 

sensorimotor), respectively (Figure S1-A). If one set of voxels, e.g. j, is not only connected to 

target t2 but also to t3, and to a lesser extent to t1, then connectivity patterns are less 

segregated (Figure S1-B). In the case of even less segregated patterns, the set of voxels j is 

equally connected to all targets, and other sets of voxels are also connected to multiple 

targets (Figure S1-C). Consequently, when connectivity patterns are segregated, voxel-wise 

correlation between the number of connections for each target should be low, whereas it 

should be high when patterns are overlapping. 
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Average Standard deviation Minimum Maximum 

H&Y 1.68 0.58 1 2.50 

Anxiety 6.11 2.94 0 13.00 

Depression 2.68 2.43 0 9.00 

Apathy 1.99 4.50 0 16.52 

MoCA 25.58 2.32 21 29.00 

 

Supplementary Table 1: Clinical scores in PD patients. Average, standard de- 

viation, minimum and maximum score are given for motor (Hoehn and Yahr stage), 

motivational (anxiety, depression, apathy) and cognitive (MoCA) symptoms. 

 

 
Set  Cluster    Peak   Coordinates (mm) 

p c p(FWE-corr) p(FDR-corr) equivk p(unc) p(FWE-corr) p(FDR-corr) T equivZ p(unc) x y z 

0 6 0 0 518 0 0 0 27.64 Inf 0 19 −20 7 

     0 0 14.30 Inf 0 8 −20 2 

0 0 12.18 Inf 0 13 −17 14 

0 0 589 0 0 0 24.42 Inf 0 −14 −20 3 

    0 0 9.46 Inf 0 −5 −17 2 

     0 0 8.99 7.70 0 −10 −17 14 

0 0 259 0 0 0 12.04 Inf 0 −30 −9 −6 

    0 0 7.87 6.94 0 −29 −9 7 

     0 0 7.59 6.75 0 −30 −15 2 

0 0 278 0 0 0 12.02 Inf 0 30 −9 −2 

    0 0 8.39 7.30 0 28 −3 9 

     0 0 5.93 5.48 0 25 −1 −7 

0 0 21 0 0 0 8.98 7.68 0 −17 −14 21 

0.006 0.001 10 0 0.001 0.001 5.62 5.23 0 17 −15 21 

    0.345 0.094 4.10 3.93 0 17 −7 23 

 

Supplementary Table 2: spmT (Motor > (Associative & Limbic)) 

Height threshold: T = 3.17, p = 0.001 (1.000) 

Extent threshold: k = 10 voxels, p = 0.000 (0.006) 

Expected voxels per cluster, k = 0.630 

Expected number of clusters, c = 0.01 

FWEp: 4.601, FDRp: 4.443, FWEc: 55, FDRc: 55 

Degrees of freedom = [1.0, 102.0] 

FWHM = 3.0 x 2.8 x 3.0 mm, 1.9 x 1.8 x 1.7 voxels 

Volume: 36604 = 8237 voxels = 885.6 resels 

Voxel size: 1.6 x 1.6 x 1.8 mm (resel = 5.71 voxels) 
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Set  Cluster Peak  Coordinates (mm) 

p c     p(FWE-corr)     p(FDR-corr)     equivk     p(unc)   p(FWE-corr)    p(FDR-corr) T    equivZ    p(unc)  x y z 

0    12 0 0 414 0 0 0    14.17 Inf 0 13 −11 7 

 0 0 11.96 Inf 0 6 −6 9 

0 0 294 0 0 0 11.00 Inf 0 −5 −12 10 

    0 0 10.07 Inf 0 −14 −7 10 

    0 0 7.06 6.35 0 −5 −6 5 

0 0 235 0 0 0 7.73 6.84 0 16 5 15 

    0 0 6.77 6.13 0 17 21 5 

    0 0 6.44 5.88 0 19 13 14 

0 0 38 0 0 0 7.25 6.50 0 20 12 −9 

0 0 161 0 0 0 6.95 6.27 0 −11 5 14 

    0 0 5.89 5.45 0 −17 12 15 

    0.003 0.003 5.31 4.98 0 −11 15 8 

0 0 39 0 0 0 6.31 5.79 0 −25 8 5 

0 0 33 0 0 0 6.08 5.61 0 −16 16 −3 

    0.006 0.005 5.11 4.81 0 −10 10 −2 

0 0 44 0 0 0 5.96 5.51 0 17 −30 −2 

    0.702 0.171 3.90 3.76 0 11 −30 6 

0 0 49 0 0.001 0.001 5.68 5.28 0 13 13 −2 

    0.001 0.002 5.49 5.12 0 13 21 −4 

    0.040 0.023 4.65 4.42 0 11 7 7 

0 0 70 0 0.001 0.001 5.65 5.26 0 27 9 5 

0 0 19 0 0.135 0.056 4.35 4.15 0 −19 −31 −2 

0 0 17 0 0.149 0.06 4.32 4.13 0 −16 −30 7 

 
Supplementary Table 3: spmT (Associative > (Motor & Limbic)) 

Height threshold: T = 3.17, p = 0.001 (1.000) 

Extent threshold: k = 10 voxels, p = 0.000 (0.006) 

Expected voxels per cluster, k = 0.630 

Expected number of clusters, c = 0.01 

FWEp: 4.601, FDRp: 4.443, FWEc: 55, FDRc: 55 

Degrees of freedom = [1.0, 102.0] 

FWHM = 3.0 x 2.8 x 3.0 mm 1.9 x 1.8 x 1.7 voxels 

Volume: 36604 = 8237 voxels = 885.6 resels 

Voxel size: 1.6 x 1.6 x 1.8 mm (resel = 5.71 voxels) 
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Set Cluster Peak Coordinates (mm) 

p c p(FWE-corr) p(FDR-corr) equivk p(unc) p(FWE-corr) p(FDR-corr) T equivZ p(unc) x y z 

0 4 0 0 92 0 0 0 9.4 Inf 0 −19 10 −4 

     0.002 0.002 5.35 5.01 0 −27 7 −4 

0 0 64 0 0 0 7.77 6.87 0 22 9 −8 

    0.901 0.222 3.83 3.69 0 32 2 −4 

0 0 70 0 0 0 6.31 5.78 0 −14 12 3 

     0 0.001 5.71 5.30 0 −16 20 −1 

0 0 55 0 0.001 0.001 5.67 5.27 0 13 12 3 

    0.001 0.001 5.65 5.25 0 17 20 −1 

 

Supplementary Table 4: spmT (Limbic > (Associative & Motor)) 

Height threshold: T = 3.17, p = 0.001 (1.000) 

Extent threshold: k = 10 voxels, p = 0.000 (0.006) 

Expected voxels per cluster, k = 0.630 

Expected number of clusters, c = 0.01 

FWEp: 4.601, FDRp: 4.443, FWEc: 55, FDRc: 55 

Degrees of freedom = [1.0, 102.0] 

FWHM = 3.0 x 2.8 x 3.0 mm, 1.9 x 1.8 x 1.7 voxels 

Volume: 36604 = 8237 voxels = 885.6 resels 

Voxel size: 1.6 x 1.6 x 1.8 mm (resel = 5.71 voxels) 
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Supplementary Figure 1: Schematic representation of levels of structural segregation. 

Cortical target and sub-cortical seed regions represented in red-green-blue colour scheme. 

A. High level of segregation – connectivity between seed and target areas follows reciprocal 

mapping. B. Lower level of segregation – indicated by composite colours of seed areas. C. 

Lowest level of segregation - white signifies absence of segregation, yellow and cyan - 

intermediate cases. 
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Supplementary  Figure  2:  Individual’s  tractography  example.   Sensorimotor (blue), 

associative (green) and limbic (red) projections to cortical targets from A. cau- date, B. 

putamen and C. thalamus. D. Average connection density across all seed ROIs  for limbic, 

associative and sensorimotor cortical targets. 
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Supplementary Figure 3: K-means clustering solutions and silhouette graphs for two 

to seven cluster solutions. 
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Supplementary Figure 4: Voxel-based  analysis on number of tracts per circuit  in 

all study participants. Colour-coded T-maps (limbic - red, associative - green and 

motor - blue) of each circuit tested against the two others across all subjects, at p < 

0.001 with a minimal cluster extent of 10 voxels. 
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Supplementary Figure 5: Voxel-based  analysis on number of tracts per circuit  in 

healthy controls. Colour-coded T-maps (limbic - red, associative - green and motor 

- blue) of each circuit tested against the two  others across all subjects, at p < 0.001 with   

a minimal cluster extent of 10 voxels. 
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Supplementary Figure 6: Voxel-based  analysis on number of tracts per circuit  in 

PD patients. Colour-coded T-maps (limbic - red, associative - green and motor - blue) 

of each circuit tested against the two others across all subjects, at p < 0.001 with a 

minimal cluster extent of 10 voxels. 
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Supplementary Figure 7: Voxel-based  analysis on number of tracts per circuit  in 

PD patients with predominantly left body side symptoms. Colour-coded T- maps 

(limbic - red, associative - green and motor - blue) of each circuit tested against the two 

others across all subjects, at p < 0.001 with a minimal cluster extent of 10 voxels. 
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Supplementary Figure 8: Voxel-based  analysis on number of tracts per circuit  in 

PD patients with predominantly right body side symptoms. Colour-coded T-maps 

(limbic - red, associative - green and motor - blue) of each circuit tested against the two 

others across all subjects, at p < 0.001 with a minimal cluster extent of 10 voxels. 
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Supplementary Figure 9: Voxel-based analysis on number  of  tracts  per  cir- cuit 

in PD patients with predominant apathy symptoms. Colour-coded T-maps (limbic - 

red, associative - green and motor - blue) of each circuit tested against the two others 

across all subjects, at p < 0.001 with a minimal cluster extent of 10 voxels. 
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Supplementary Figure 10: Voxel-based  analysis on number of tracts per cir-  cuit 

in PD patients with predominant cognitive decline  symptoms.  Colour-  coded T-

maps (limbic - red, associative - green and motor - blue) of each circuit tested against the 

two others across all subjects, at p < 0.001 with a minimal cluster extent of 10 voxels. 
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Supplementary Figure 11: Voxel-based  analysis on number of tracts per cir-  cuit 16 
in PD patients with predominant depressive symptoms. Colour-coded  T-maps 17 
(limbic - red, associative - green and motor - blue) of each circuit tested against the two 18 
others across all subjects, at p < 0.001 with a minimal cluster extent of 10 voxels. 19 
 20 
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Abstract 43 

Objective: There is much controversy about the role of dopamine in segregation and 44 

integration of information across cortico-subcortical circuits. Given the existing 45 

evidence about dopamine depletion-associated loss of neuronal specificity in basal 46 

ganglia, we sought to test its validity in patients with idiopathic Parkinson’s disease  47 

(PD) by measuring the effects of dopamine replacement on cortical and subcortical 48 

motor somatotopy. 49 

Methods: We analysed functional magnetic resonance imaging data from PD patients 50 

(n=14) performing externally cued hand-grasping and foot flexion-extension 51 

movements in ON- and OFF- dopamine state in comparison with healthy controls 52 

(n=20). Imaging data, kinematic and force performance provided data-driven indices 53 

to test for spatial segregation between motor somatotopy representations. 54 

Results: We observed greater overlap between motor representations within the 55 

putamen, thalamus and substantia nigra in PD patients OFF medication compared 56 

with healthy controls. Dopamine substitution in the very same patients restored the 57 

level of segregation in thalamus back to normal, but only partially in basal ganglia. We 58 

show that in the OFF state the proposed Index-of-Similarity in the subthalamic nucleus 59 

correlates with the degree of bradykinesia and in putamen – with the magnitude of 60 

cortico-striatal functional connectivity. 61 

Conclusion: We interpret our findings in the context of the reinforcement-driven 62 

dimensionality reduction model with loss of neuronal specificity in ON- and OFF- 63 

dopamine state in PD. The association between the Index-of-Similarity in subthalamic 64 

nucleus and bradykinesia severity lends support to the clinical validity of our results. 65 

  66 
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Introduction 67 

Despite significant advances in understanding the (patho)physiology of cortico-68 

subcortical circuits1,2, our knowledge about the impact of dopamine depletion on 69 

information segregation and integration across motor networks remains limited. 70 

Mounting evidence confirms the notion that the observed loss of neuronal specificity 71 

in the basal ganglia allows for a mechanistic explanation of microstructural pathology 72 

resulting in functional deficit3–5. According to this view, movement disorders associated 73 

with dopaminergic dysfunction have a deficit in decorrelating basal ganglia output. This 74 

model is embedded in the anatomical organisation of cortico-subcortical circuits where 75 

motor, associative and limbic projections converge towards the striatum that in parallel 76 

integrates and segregates information, which is sent back to the cortex via pallidum 77 

and the thalamus1,6. Additional evidence about a somatotopy following gradient comes 78 

from the characteristic anatomical distribution across different movement disorders – 79 

e.g. retrocollis and symmetric upper limb involvement in neuroleptics-induced dystonia 80 

vs. lateralized symptoms in idiopathic dystonia and Parkinson’s disease (PD)7,8.  81 

Empirical evidence from the 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP) 82 

animal model of PD supports the idea of decreased specificity of neuronal activity in 83 

the pallido-nigral thalamus whilst firing rate and pattern remain unchanged9. This effect 84 

is not observed in the cerebellar thalamus, which does not receive projections from the 85 

basal ganglia. Both pallidal and cerebellar thalamic nuclei demonstrate increased 86 

rhythmic discharges when considering tremor episodes10. Pallidal responses to striatal 87 

micro-stimulation or passive joint manipulation in animal models of PD show 88 

decreased specificity with the consequence of strong correlation between 89 

discharges11–15. Studies report loss of neuronal specificity extending beyond basal 90 

ganglia in primary motor cortex (M1)16 and the supplementary motor area (SMA)17.  91 

In pragmatic terms, we translate the concept of neuronal specificity loss to somatotopy 92 

changes of movement related neural activity5. Past evidence from animal models9 and 93 

patients18 supports the idea of disorganised basal ganglia somatotopy in movement 94 

disorders compared with well-established anatomical representation in healthy 95 

individuals19. A plenitude of non-invasive functional magnetic resonance imaging 96 

(fMRI) studies in humans demonstrated the feasibility and robustness of motor 97 

somatotopy mapping in cortical and subcortical brain areas20,21,22.  98 

Given the cumulated knowledge from the non-human primate PD model, we sought to 99 

investigate dopaminergic effects on neuronal specificity and associated somatotopy 100 
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representation. We study the effects of dopamine depletion and substitution on motor 101 

somatotopy at the cortical and subcortical level in PD patients and contrast these to 102 

healthy individuals. Here, we hypothesise that loss of functional segregation in basal 103 

ganglia will manifest as disorganised somatotopy within cortico-subcortical circuits and 104 

will at least partially recover after dopamine substitution. We use a visually cued motor 105 

task and fMRI to obtain somatotopy maps in cortical and subcortical areas of the brain. 106 

We then quantify functional segregation between body parts representations using 107 

pattern component modelling23. We further tackle the question whether the loss of 108 

functional segregation in basal ganglia predicts motor symptom severity in PD patients 109 

is modulated via changes in cortico-striatal functional connectivity. 110 

Methods 111 

Participants 112 

For this study we recruited 26 PD patients and 21 healthy controls (HC) with no history 113 

of psychiatric or neurological disease besides PD and no contraindication for MRI. Part 114 

of the imaging results were already reported24. 7 PD patients discontinued the study 115 

after the first MRI scanning and were not included in the final analysis (n=4 in ON-state 116 

and n=3 in OFF-state). From the remaining 19 patients, 4 were excluded due to high 117 

level of errors (>50%) in the motor task, in 1 case the diagnosis of PD was revised and 118 

in 1 HC the MRI data quality was judged as insufficient due to excessive head motion. 119 

The final analysis consisted of 14 PD patients (6 female; age: 58.75 years ± 1.89 120 

standard error, or SEM) and 20 HC (10 female; age: 61.79 years ± 2.11 SEM). The 121 

local Ethics committee approved the study and all participants gave written informed 122 

consent before participating to the study, according to the declaration of Helsinki. 123 

Study design 124 

We used a cross-over design where part of the PD patients was tested first OFF and 125 

then ON medication (n=6), while the remaining were tested first ON then OFF 126 

medication (n=8). Medication withdrawal lasted at least 23 hours before MRI, hence 127 

ensuring that DA effects were washed out. The time interval between the two scanning 128 

sessions was 64.5 days on average (SEM=12.95). There was no significant difference 129 

between patients first scanned OFF (PDfirst OFF) and patients first scanned ON (PDfirst 130 

ON) in terms of time interval between the two scanning sessions (number of days (mean 131 

± SEM): PDfirst OFF = 60 ± 23.07; PDfirst ON = 67.86 ± 16.02); t(12)=0.2900; p=0.7767). 132 

Clinical measures 133 

Three movement disorders specialists performed a clinical assessment that comprised 134 

UPDRS parts III and IV25. A tremor sub-score was calculated as the sum of all UPDRS 135 
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III items related to tremor. The effect of DA therapy on UPDRS III total scores, 136 

bradykinesia and tremor sub-scores, was assessed using three separate cumulative-137 

link-mixed models (CLMMs) fitted with the Laplace approximation. Given the high 138 

condition number of the Hessian matrix (Hess) in the model for UPDRS III and the 139 

substantial range of UPDRS III values (min=4, max=34), we also performed paired t-140 

tests between UPDRS III values in OFF and ON conditions.  141 

We calculated bradykinesia sub-scores following the literature26 and summed up the 142 

items for each body part and side separately. We conducted analyses of individual 143 

UPDRS III items related to motor symptoms severity for hands – finger tapping, rigidity, 144 

hand movements, pronation/supination movements of hands – using DA therapy as 145 

predictor. All data collected in patients with right-hemibody symptoms were side-146 

reversed.  147 

Experimental paradigm 148 

Study participants performed unilateral hand grasping and foot flexion/extension 149 

movements in a visually-cued block-design paradigm. Each block consisted of 8 150 

movements of the same limb cued externally every 2s by a visual symbol depicting the 151 

corresponding body part. The 40 blocks - 5 per body part, i.e., 160 movements in total 152 

for the 4 body parts, were interspersed with an equal number of rest periods of 16s. 153 

During rest, a fixation cross was displayed. Before each block, participants were 154 

reminded with a short text about the upcoming task to perform, followed by a 155 

countdown of 3s. The order of movements was balanced and pseudo-randomized. All 156 

elements of the task were practiced prior to scanning. 157 

Behavioural performance monitoring 158 

During fMRI acquisition we continuously monitored behavioural performance using 159 

MR-compatible pneumatic device. Subjects pressed hand-fitting rubber balls 160 

connected to air pressure sensors via plastic tubes. A similar system was installed 161 

underneath the pedals to capture foot movements (Supplementary video file). Air-162 

pressure sensors transduced pressure into an electrical signal, the gain was amplified, 163 

and the resulting output was sent to Signal 6 software via a CED MICRO3 1401 data 164 

acquisition unit (Cambridge Electronic Design Limited, UK) at 500 Hz sampling rate.  165 

To validate the behavioural measures, we compared average peak force and velocity 166 

between PD patients ON and OFF using mixed-effects ANCOVAs including age as a 167 

covariate. Using fixed-effects ANCOVAs we tested for differences between HC and 168 

PD individuals in ON and OFF states. We then correlated peak velocity and body-part 169 

specific bradykinesia sub-scores in PD OFF using filtered averaged epochs around 170 
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motor responses. These are represented by peri-response time histograms (PRTH) 171 

after adjusting for the effects of age on average force and velocity using multiple linear 172 

regression. Aiming at efficient control for individuals’ performance bias, all subsequent 173 

analyses controlled for the linear effects of peak force27,28. Given that bradykinesia is 174 

a cardinal symptom of PD, we refrained from controlling for its effect29. 175 

Kinematic analyses 176 

Motor response peaks were detected using a modified version of previously published 177 

algorithm30. We extracted PRTHs from task performance recordings by averaging over 178 

time windows of 1000ms before and after motor response (Figure 1). Then, we 179 

adjusted for the linear effects of age at baseline and refrained from correction at each 180 

time point to prevent distortion of the response shape. For between-group analyses at 181 

each time point we used Student t-tests to analyse force and velocity PRTHs. Paired 182 

samples t-tests were used when comparing PD OFF and PD ON, independent 183 

samples t-tests otherwise. The p-value threshold was set to p < 0.05, corrected for 184 

testing multiple body parts, and a minimal time extent for each difference was set to 185 

50ms (25 samples). 186 

Imaging protocol 187 

MRI data were acquired on a Siemens Prisma 3T scanner using a 64-channel head 188 

coil.  Functional images were acquired using a 3D multi-shot EPI sequence31 at 2 mm 189 

isotropic voxel size (number of volumes: 239; 60 axial slices parallel to AC/PC line; 190 

matrix size: 92 x 92; slice TR=52 ms; volume TR=3.328 ms; TE=30 ms; flip angle 191 

α=15°; slice oversampling: 6.7%). Anatomical multi-parameter quantitative data was 192 

acquired at 1.5 mm voxel size (matrix size: 160x150x120; FoV 256x240x176 mm) 193 

using a 3D FLASH sequence, providing estimates of the longitudinal relaxation rate, 194 

the effective proton density, magnetization transfer and transverse relaxation rate32.  195 

Image pre-processing 196 

All steps of data processing and analysis were performed in the framework of SPM12 197 

(Wellcome Trust Center for Neuroimaging, www.fil.ion.ucl.ac.uk/spm) running under 198 

Matlab 7.13 (The MathWorks, Inc., Natick, Massachusetts, United States). Functional 199 

data was realigned to the mean, corrected for receive coil inhomogeneities and EPI 200 

distortion, and co-registered to the high-resolution structural data. We estimate 201 

spatially registration parameters to standard Montreal Neurological Institute (MNI) 202 

space using the anatomical data and diffeomorphic registration DARTEL33 to then 203 

apply the parameters to the fMRI data. This was followed by spatial smoothing using 204 

a 3D Gaussian kernel of 3mm full-width-at-half-maximum.  205 
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Whole-brain univariate analysis 206 

For fMRI analysis we use the General Linear Model (GLM) with all cued and non-cued 207 

movements as separate events, the preparation periods as epochs of 3s and spatial 208 

realignment parameters as nuisance variables. We also built a separate within-subject 209 

GLM including only realignment parameters to adjust fMRI time series for head motion 210 

effects that could affect the pattern component modelling. The simple model removed 211 

the confounding linear effects from the time series, leaving only the variance related 212 

to the motor somatotopy paradigm. In all GLM fits, we removed low frequency drifts 213 

and used a canonical hemodynamic response function to convolve the events. 214 

Testing for main effects, we included the first-level contrasts for each cued movement 215 

(right and left hand and foot) in a fixed-effects analysis divided in three categories - PD 216 

OFF, PD ON and HC with age and peak force as covariates. We also used a random-217 

effects analysis to verify the effects of age and force effects in HC subjects alone.  218 

Region-of-interest multivariate analysis 219 

Region selection 220 

For subsequent multi-variate analysis, we selected the following regions-of-interest 221 

(ROIs): primary motor cortex (M1) according to the atlas of Van Essen and Drury 34, 222 

supplementary motor area (SMA, not including the pre-SMA) and putamen from the 223 

Harvard-Oxford cortical and subcortical structural atlas in the FMRIB Software Library 224 

(www.fmrib.ox.ac.uk/fsl), globus pallidus pars externa (GPe) and pars interna (GPi), 225 

subthalamic nucleus (STN) and substantia nigra (SN) - from the ATAG atlas 35), the 226 

thalamic ventral lateral and ventral posterolateral nucleus - from Morel’s atlas 36.  227 

Pattern component model 228 

We used pattern component model (PCM)23 to measure representational similarity 229 

between motor somatotopy patterns. The multivariate analysis was performed at the 230 

subject level on the residuals of the GLM fit including only realignment parameters in 231 

order to obtain subject-level similarity measures. All cued, non-cued movements and 232 

preparation epochs were modelled using the same parameters as those used for 233 

within-subject fMRI modelling except the head motion parameters. We estimated the 234 

variance and covariance between ipsilateral body part representations in the ROI 235 

contralateral to the side of movement. Variance-covariance matrices were transformed 236 

to correlation matrices. 237 

Index-of-similarity 238 

We calculated a metric of segregation – Index-of-Similarity (IoS), between motor 239 

representations after transformation of the magnitude of correlation coefficients from 240 
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the PCM using the Fisher r-to-z’ transform 20.  The IoS represents the inverse 241 

hyperbolic tangent of the magnitude of the correlation coefficient r between 242 

representations: 243 

𝐼𝑜𝑆 =  |𝑡𝑎𝑛ℎ−1(𝑟)| 244 

High segregation between representations results in low IoS values, whereas high 245 

similarity – i.e., lack of functional segregation between representations, produces high 246 

IoS values. 247 

Estimation of functional connectivity  248 

We extracted BOLD signal estimates from the putamen and M1, contralateral to the 249 

most affected body side of patients, which represent the 1st eigenvariate of the fMRI 250 

time course after adjustment for the effects of interest. We calculated the normalised 251 

mutual information between time courses as the mutual information divided by the 252 

geometric mean entropies. 253 

Statistical considerations 254 

Given the non-normal distribution of IoS values, we applied bilateral Wilcoxon sum of 255 

ranks and signed rank tests across groups for each ROI after having removed the 256 

linear effects of age and peak force. Statistical significance was set to liberal threshold 257 

of p < 0.05, uncorrected for multiple comparisons. 258 

The relationship between IoS and the bradykinesia sub-score in PD OFF was tested 259 

using multiple regression models with age and peak force as covariates for the ROIs 260 

that show significant group differences. We calculated Spearman’s rank correlation 261 

coefficients between IoS values and bradykinesia after adjusting for linear effects of 262 

age and peak force. The same procedure was used to test the prediction of UPDRS 263 

III score and tremor sub-score. All multiple linear regression models used the IoS in 264 

the SN contralateral to the more affected body side in PD patients as a predictor, and 265 

lateralized versions of the UPDRS III scores, bradykinesia and tremor sub-scores as 266 

the dependent variables. 267 

We tested similar multiple regression models in PD OFF using the IoS in ROIs with 268 

significant group effects as a predictor, normalized mutual information between M1 269 

and the putamen in the hemisphere contralateral to the more affected body side as 270 

dependent variables, and age and peak force as covariates. We report the non-linear 271 

correlation coefficient between the IoS and normalized mutual information adjusted for 272 

linear effects of age and peak force. 273 
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Results 274 

Clinical measures 275 

The CLMM analysis confirmed higher UPDRS III scores (AIC=181.72, Hess=1.6E+6, 276 

z=-1181, p<0.001) and bradykinesia sub-scores (AIC=149.21, Hess=540, z=-2.45, 277 

p=0.014) in patients OFF medication. The CLMM analysis on body part-specific 278 

bradykinesia sub-scores (AIC=347.54, Hess=330) showed main effects of limb 279 

(z=3.28, p=0.001) and body side (z=2.98, p=0.003) but not DA medication (z=-0.84, 280 

p=0.404). Table 1 shows the average and standard errors for UPDRS III scores, 281 

bradykinesia and tremor sub-scores separately for patients ON and OFF medication, 282 

as well as the UPDRS IV scores, Hoehn & Yahr stage, disease duration and Levodopa 283 

Equivalent Dose 37. CLMMs on individual UPDRS III items confirmed that DA 284 

medication had a different effect on upper limbs depending on the clinical item 285 

considered: we report effects on the more affected upper limb (AIC=63.55, z=-2.05, 286 

p=0.041 ), on pronation / supination bilaterally  (more affected body side: AIC=63.49, 287 

z=-2.09, p=0.037; less affected body side: AIC=38.89, z=-6.16, p<0.001), and on the 288 

less affected upper limb for rigidity (AIC=49.18, z=-1014, p=< 0.001).  289 

Behavioural performance 290 

Average task performance across groups showed between 87 and 89% correct cued 291 

movements and between 4 and 10% incorrect non-cued movements (Table 2). Fixed- 292 

and mixed-effects ANCOVAs showed peak force differences between HC and PD OFF 293 

(model fitting: F(2,31)=2.96, p=0.067; group effect: F=5.35, p=0.028) and between PD 294 

ON and PD OFF (2=8.74, p=0.003). We did not observe group effects when 295 

comparing HC and PD ON (model fitting: F(2,31)=0.50, p=0.611; group effect: F=0.35, 296 

p=0.559). Peak velocity did not differ across groups. Average force level of the less 297 

affected hand was higher in HC and PD ON compared to PD OFF, velocity of 298 

movement was higher in PD ON compared to PD OFF on the more affected hand 299 

(p<0.05, minimal duration of 50 milliseconds). Response velocity was negatively 300 

correlated with bradykinesia sub-scores in PD OFF in both hands. 301 

Kinematic analyses 302 

Two-samples t-test on force level showed a difference between PD OFF and HC on 303 

the less affected hand, Similarly, paired t-tests showed differences between PD ON 304 

and PD OFF on the less affected hand (Figure 1). We observed differential velocity of 305 

motor responses between PD ON and PD OFF on the more affected hand. There was 306 
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a negative correlation between response velocity and bradykinesia sub-score for both 307 

hands.  308 

Whole-brain mass-univariate analysis 309 

We observed robust motor somatotopy patterns in multiple brain structures including 310 

M1, SMA, putamen, GPe, GPi, thalamus, STN and SN (Table 3). We report task-311 

related neural activation in contralateral anterior insula, parietal operculum and 312 

ipsilateral cerebellum. There were no significant differences across groups. The F-313 

contrast testing the interaction between group and movement showed significant 314 

results in the motor cortex, contralateral to the more affected side in PD (significant 315 

clusters located at x=35, y=-25, z=51 (F=9.08) and at x=33, y=-26, z=53 (F=8.25); see 316 

Supplementary tables).  317 

Multivariate analysis  318 

PCM performed on residuals of the GLM including realignment parameters converged 319 

for all subjects and for all ROIs, with an average number of iterations of 62.11 320 

(maximum=687; minimum=10). 321 

Non-parametric tests showed higher IoS scores in PD OFF than in HC for putamen 322 

(W=280, Z=-2.43, p=0.015), thalamus (W=288, Z=-2.15, p=0.031) and SN (W=293, 323 

Z=-1.98, p=0.048), contralateral to the more affected body side. PD patients ON 324 

demonstrated IoS levels situated between PD OFF and HC (Figure 3). We did not 325 

observe significant differences in the hemisphere ipsilateral to the more affected side 326 

(p>0.05). There was an effect of DA medication status in the thalamus contralateral to 327 

the more affected body side, where PD patients ON had lower IoS scores as compared 328 

to PD OFF (W=17, p=0.025). 329 

We report significant results of the multiple linear regression model (F(4,10)=4.07, 330 

p=0.040) with an R2 of 0.55 and an adjusted R2 of 0.41 (RMSE=1.87). There was a 331 

positive correlation between the IoS in the SN contralateral to the more affected body 332 

side and the corresponding bradykinesia sub-score (β=0.24, t(4,10)=2.82, p=0.018). 333 

High IoS values in the SN were associated with high values of lateralized bradykinesia 334 

sub-scores in PD-OFF (Figure 4). The non-linear correlation coefficient also 335 

demonstrated a significant positive relationship (ρ=0.60, p=0.022). The multiple linear 336 

regression model performed on tremor sub-scores in PD-OFF failed to reach 337 

significance for the regression equation and for the effect of IoS in SN (F(4,10)=0.95, 338 

p=0.452, R2=0.22, adjusted R2=-0.01, RMSE=1.39, β=0.05, t(4,10)=0.82, p=0.431). 339 
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Similarly, there was no significance for the nonlinear correlation between IoS in SN 340 

and the adjusted lateralized tremor sub-score (ρ=0.15, p=0.61).  341 

Results of the equivalent multiple linear regression model for lateralised UPDRS III 342 

scores (F(4,10)=4.06, p=0.040, R2=0.55, adjusted R2=0.41, RMSE=3) demonstrated 343 

a significant effect of the IoS score in the SN and UPDRS III (β=0.14, t(4,10)=2.48, 344 

p=0.033). The multiple linear regression models using the IoS in PD OFF were not 345 

significant for putamen and thalamus (p>0.05). Disease duration was not correlated 346 

with IoS in the SN, putamen or thalamus (p>0.05). 347 

The multiple linear regression models testing the effects of the IoS on normalised 348 

mutual information between M1 and putamen were not significant for the SN and 349 

thalamus. The corresponding regression model using IoS in the putamen as a 350 

predictor was significant (F(4,10)=5.16, p=0.021), yielding an R2 of 0.61 and an 351 

adjusted R2 of 0.49 (RMSE=0.07). The putamen IoS correlated with M1–putamen 352 

normalized mutual information estimates (β=-0.01, t(4,10)=-2.90, p=0.016). 353 

Additionally, the Spearman’s correlation coefficient between putamen IoS and 354 

normalized mutual information values, adjusted for age and peak force effects, 355 

reached significance (ρ=-0.66; p=0.011). In PD-OFF, high values of the IoS in the 356 

putamen were associated with low values of M1–putamen normalized mutual 357 

information (Figure 4). 358 

We performed several control analyses to rule out the effect of possible confounding 359 

factors such as handedness, presence of dyskinesia and head motion during scanning. 360 

We calculated Pearson’s linear correlation coefficients between IoS and handedness 361 

in each ROI separately and performed this analysis twice: in one case the ROIs 362 

estimates were side-reversed according to the more affected body side in PD patients; 363 

in the other case without side-reversal. The analyses showed that none of the 364 

correlation was significant across all ROIs, suggesting that IoS estimates were not 365 

affected by handedness. Given that four patients showed dyskinesia (UPDRS IV score 366 

above zero), we ruled out the possibility of a bias in analyses testing for correlation 367 

between imaging results and disease severity by calculating a Pearson correlation 368 

coefficient between UPDRS III and IV scores (r=-0.25, p=0.198; ρ=-0.26, p=0.181). 369 

Additionally, we tested whether IoS estimates might have been biased by subjects’ 370 

head motion during scanning. After calculation of head motion metrics38 we did not find 371 

correlation between IoS and head motion metrics (mean motion: r=-0.18, p=0.211; 372 

maximum motion: r=-0.10, p=0.479; number of motions: r=0.03, p=0.844; rotations: 373 

r=0.00, p=0.984). We also tested whether any head motion metric was significantly 374 
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different between groups using two-samples and paired t-tests and although subjects 375 

moved substantially during the motor task, there no significant differences between 376 

groups. 377 

Discussion 378 

Based on a data-driven topology analysis of motor somatotopy patterns, we 379 

demonstrate that upper and lower limb representations are less spatially segregated 380 

in contra-lateral putamen, substantia nigra and thalamus in dopamine depleted PD 381 

patients and only partially restored in thalamus after dopaminergic substitution. The 382 

correlation between the proposed Index-of-Similarity (IoS), between somatotopy 383 

representations and symptom severity in PD OFF patients lends face validity to the 384 

obtained results. Our findings provide evidence for the unique role of dopamine in 385 

information segregation throughout cortico-subcortical circuits. 386 

Our observation of decreased functional segregation in PD OFF patients affecting 387 

thalamus, putamen and substantia nigra is consistent with the pathophysiology of 388 

PD39–42. The fact that functional segregation in the substantia nigra is linked to the 389 

severity of motor symptoms in PD OFF and particularly to bradykinesia – a feature 390 

highly dependent on striatal dopamine loss43, supports the plausibility our findings. 391 

Although the orthogonalization between the highly correlated motor features – 392 

bradykinesia, rigidity and tremor is not always trivial, the presumption here is that each 393 

clinical feature can result from anatomically differentially distributed loss of neuronal 394 

specificity5. Similarly, neuronal specificity loss affects the main input station of basal 395 

ganglia – striatum, which causes connectivity disruption between primary motor cortex 396 

and putamen. Along the same lines, the fact that we did not find a correlation between 397 

disease duration and loss of segregation, led to the interpretation that loss of 398 

segregation is a single-hit pathology rather than a progressive process that worsens 399 

over the course of disease.  400 

It is of note that among all studied cortical and sub-cortical regions, we observed full 401 

restoration of somatotopy segregation after DA substitution only in the thalamus. The 402 

role of thalamus in the context of dopamine depletion has been debated in the literature 403 

with evidence for loss of functional segregation in the thalamus and profound changes 404 

in thalamic dopamine innervation even in pre-symptomatic stages of PD9,44. Strong 405 

evidence supports the specific effect of dopamine depletion on the intralaminar centro-406 

median/para-fascicular complex that further impacts the glutamatergic innervation of 407 

striatal cholinergic neurons45. Given that centro-median/para-fascicular neurons 408 

project predominantly to the dorsal striatum46 and striatal interneurons are crucial for 409 
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information segregation5, we speculate that despite the fact that PD is associated with 410 

loss of nearly half of thalamic centro-median/para-fascicular neurons, there is still room 411 

for plasticity changes under dopamine substitution that compensates motor 412 

dysfunction.  413 

The validity of our findings is enforced by the dedicated analyses on individuals’ motor 414 

performance in the context of clinical phenomenology. The absence of movement 415 

velocity differences can be explained by the fact that the task was simple enough for 416 

both patients and healthy controls given that we designed the study to avoid 417 

performance bias. Several UPDRS III items related to motor symptoms are associated 418 

with a stronger effect of DA substitution on the less affected upper limb. This 419 

observation could partially explain force differences between groups. While the 420 

pneumatic device may have higher sensitivity for hands compared to feet, the lack of 421 

behavioural differences in the case of foot movement parameters is in line with clinical 422 

data showing that upper limbs were generally more affected than lower limbs in our 423 

patients’ cohort.  424 

There is a number of limitations in our study that led us to interpret the results with 425 

caution. Despite the longitudinal character of our study with two observations per PD 426 

patient, we acknowledge the fact that the modest sample size (n=14 for PD, n=20 for 427 

HC), may be insufficient to generalise the findings and over-interpret some of the 428 

results. The statistical power of our experiment compares indeed to most previous 429 

fMRI studies on idiopathic PD, in which the number of PD patients ranged from 5 to 51 430 

(average=17, median=16). Although not initially considered as potential bias, the 431 

variable time interval between the ON- and OFF-trial could potentially affect the 432 

observed differences. Similarly, we acknowledge the fact that side reversal of our 433 

imaging data may not sufficiently control for the effects of handedness on the studied 434 

population.    435 

In summary, we demonstrate dopamine depletion- associated loss of functional 436 

segregation in PD patients, that is only partially restored after dopamine substitution. 437 

The obtained metrics of functional segregation correlate with established clinical 438 

metrics of motor dysfunction in PD – a fact that can be used to probe their value as 439 

biomarkers of pre-clinical phases of PD. We interpret our findings of disrupted 440 

information segregation at the basal ganglia level in the context of loss of neuronal 441 

specificity that is embedded in the reinforcement-driven dimensionality reduction 442 

framework.    443 
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Tables 584 

 PD OFF PD ON 

UPDRS III Total 19.00 ± 2.12 13.57 ± 2.08 

Upper 
limbs 

right  3.64 ± 0.79 2.14 ± 0.64 

left 6.29 ± 1.08 4.93 ± 0.98 

Lower 
limbs 

right 0.79 ± 0.40 0.43 ± 0.23 

left 1.86 ± 0.35 1.57 ± 0.43 

Bradykinesia  Total 8.93 ± 1.14 6.07 ± 0.95 

Upper 
limbs 

right  3.71 ± 0.59 2.07 ± 0.39 

left 5.07 ± 0.71 3.93 ± 0.71 

Lower 
limbs 

right 1.57 ± 0.23 1.21 ± 0.21 

left 2.21 ± 0.28 1.86 ± 0.28 

Tremor  Total 2.71 ± 0.54 2.43 ± 0.72 

Upper 
limbs 

right  0.36 ± 0.17 0.36 ± 0.20 

left 1.14 ± 0.35 0.93 ± 0.32 

Lower 
limbs 

right 0.21 ± 0.16 0.14 ± 0.14 

left 0.29 ± 0.13 0.43 ± 0.20 

UPDRS IV 1.14 ± 0.44 

Hoehn & Yahr stadium 1.64 ± 0.16 

Disease duration (years) 7.29 ± 1.42 

Levodopa Equivalent Dose 684.86 ± 95.73 

 585 

Table 1:  Clinical data: average and standard error of UPDRS III, bradykinesia sub-586 
score, tremor sub-score separately for PD patients ON and OFF. Average and 587 
standard error of UPDRS IV, Hoehn and Yahr stadium, disease duration, and 588 
Levodopa Equivalent Dose for PD patients. => DIVISION GRIS/BLANC PROBLEME 589 
POUR ANNALS 590 
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 592 

  All HC PD ON PD OFF 

Percentage of 
cued 
movements 

mean ± SEM 88.72 ± 

0.81 

88.91 ± 

1.19 

87.28 ± 

1.82 

89.91 ± 

1.26 

minimum 66.25 75.63 66.25 78.75 

maximum 96.25 95.63 95.00 96.25 

Number of non-
cued 
movements 

mean ± SEM 10.58 ± 

1.35 

6.09 ± 

0.65 

11.39 ± 

1.94 

16.20 ± 

3.65 

minimum 2.50 2.50 3.50 3.25 

maximum 41.50 13.75 28.75 41.50 

Peak force 

mean ± SEM 7.51 ± 

0.39 

8.29 ± 

0.40 

7.69 ± 

0.79 

6.21 ± 

0.85 

minimum 1.47 4.51 2.26 1.47 

maximum 10.00 10.00 9.98 10.00 

Peak velocity 

mean ± SEM 80.86 ± 

6.43 

90.56 ± 

9.35 

77.01 ± 

11.84 

70.85 ± 

13.04 

minimum 10.86 35.09 17.47 10.86 

maximum 174.43 174.43 143.40 162.46 

 593 

Table 2 : Percentage and, number of non-cued movements, peak force and peak 594 
velocity (average, standard error (SEM), minimum and maximum values) across all 595 
groups and separately for each group. 596 
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 598 

Region F x [mm] y [mm] z [mm] 

M1 

right 
hand 69.71 38 -25 56 

foot 61.78 11 -31 70 

left 
hand 69.11 -38 -25 54 

foot 64.27 -9 -33 68 

SMA 44.47 0 1 56 

Putamen 
right  30.94 -31 -9 5 

left  38.87 -30 -7 7 

GPe 
right  21.32 22 -4 3 

left  23.41 -24 -4 3 

GPi 
right  13.46 22 -9 -2 

left  17.62 -17 -6 -4 

Thalamus 
right  16.81 13 -14 7 

left  26.63 -14 -17 9 

STN 12.74 -8 -15 -11 

SN 12.19 12 -14 -7 

 599 

Table 3 : Whole-brain mass-univariate analysis results using flexible-factorial design 600 
including healthy controls (HC) presented as F-statistic and Montreal Neurological 601 
Institute (MNI) coordinates of cluster maxima within each ROI. Because M1 is large 602 
and clusters for hand and foot activation are substantially distant, coordinates are 603 
reported for hand and foot separately. Tables of all significant clusters (at p < 0.001, k 604 
≥ 10) are available as Supplementary Material. 605 

606 
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Figures 607 

 608 

Figure 1 : Boxplots of IoS estimates per group for each ROI. Sub-cortical (top) and 609 
cortical (bottom) ROI masks presented in colour in standard Montreal Neurological 610 
Institute (MNI) space. Left: boxplots represent IoS estimates in left hemisphere ROIs, 611 
Right – IoS estimates in right hemisphere. Black squares in box plots represent the 612 
average. Significance (p < 0.05) is marked with an asterisk. Healthy controls (green), 613 
PD-ON (orange), PD-OFF (red). 614 
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 616 

 617 

Figure 2 : Scatter plots of multiple linear regression models. A. Correlation 618 
between IoS and symptoms severity: Lateralised bradykinesia sub-score in PD OFF, 619 
adjusted for effects of age and force, as a function of IoS in the SN contralateral to 620 
the more affected body side. B. Correlation between IoS and connectivity: Adjusted 621 
cortico-striatal connectivity as measured by normalized mutual information between 622 
M1 and putamen adjusted for effects of age and force, as a function of IoS in the 623 
putamen contralateral to the more affected body side in PD patients OFF medication.  624 
Black dotted line - regression line. 625 

  626 



Marquis et al., 2020 

 

23 

Supplementary figures 627 

 628 

 629 

Supplementary figure 1 : Examples of motor performance recordings of the right and 630 
left hands in 3 subjects (top: HC subject; middle: PD patient ON; bottom: PD patient 631 
OFF), with motor responses detected by the algorithm using event-related moving 632 
averages with dynamic threshold. 633 
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 635 

 636 

Supplementary figure 2 : Clinical scores and kinematic analyses. A) Bradykinesia 637 
sub-score per limb and more affected body side, as a function of medication status. 638 
CLMM indicates the presence of two main effects of limb (hand vs. foot) and body 639 
side (more vs. less affected) but no interaction effects. B-E) Smoothed histograms of 640 
peak force (B & C) and peak velocity (D & E), averaged across body parts, across all 641 
subjects (B & D) and per group of subjects (C & E; light green: HC; light orange: PD 642 
ON; dark red: PD OFF). F-Q) Results of the kinematic analyses between groups over 643 
the PRTH for upper and lower limb (F, J, N: upper limb, most affected body side in 644 
PD, left in HC; G, K, O: upper limb, least affected body side in PD, right in HC; H, L, 645 
P: lower limb, most affected body side in PD, left in HC; I, M, Q: lower limb, least 646 
affected body side in PD, right in HC). Light green: HC; light orange: PD ON; dark 647 
red: PD OFF. F-I) force differences; J-M) velocity differences; N-Q) correlation with 648 
severity of bradykinesia in PD OFF. Dashed lines: average force or velocity per 649 
group; shaded patches: corresponding SEM; shaded grey rectangles: periods in time 650 
with significant difference between group (G & J) or correlation with symptoms 651 
severity (N & O). 652 
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 653 

Supplementary figure 3 : Demonstrating the robust somatotopy patterns across 654 
subjects groups in seven brain structures: M1, SMA, putamen, pallidum and thalamus, 655 
as well as cerebellum and insula. Although BOLD signal in STN and SN was significant 656 
at p < 0.001 uncorrected with k ≥ 10 when combining all groups, no cluster survived 657 
when testing all movements in each group separately. Colour overlays on coronal, 658 
axial and sagittal slices represent F-test maps from group level factorial design, with 659 
right and left hands (red) and feet movements (yellow). Top: HC subject; middle: PD 660 
patient ON; bottom: PD patient OFF.  661 

 662 
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Abstract

Accumulating evidence indicates that the human brain copes with sensory uncertainty in

accordance with Bayes’ rule. However, it is unknown how humans make predictions when

the generative model of the task at hand is described by uncertain parameters. Here, we

tested whether and how humans take parameter uncertainty into account in a regression

task. Participants extrapolated a parabola from a limited number of noisy points, shown on a

computer screen. The quadratic parameter was drawn from a bimodal prior distribution. We

tested whether human observers take full advantage of the given information, including the

likelihood of the quadratic parameter value given the observed points and the quadratic

parameter’s prior distribution. We compared human performance with Bayesian regression,

which is the (Bayes) optimal solution to this problem, and three sub-optimal models, which

are simpler to compute. Our results show that, under our specific experimental conditions,

humans behave in a way that is consistent with Bayesian regression. Moreover, our results

support the hypothesis that humans generate responses in a manner consistent with proba-

bility matching rather than Bayesian decision theory.

Author summary

How do humans make prediction when the critical factor that influences the quality of the

prediction is hidden? Here, we address this question by conducting a simple psychophysi-

cal experiment in which participants had to extrapolate a parabola with an unknown qua-

dratic parameter. We show that in this task, humans perform in a manner consistent with

the mathematically optimal model, i.e., Bayesian regression.

Introduction

The brain evolved in an environment that requires fast decisions to be made based on noisy,

ambiguous and sparse sensory information, using noisy information processing and noisy

effectors. Hence, decisions are typically made under substantial uncertainty. The main idea
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behind Bayesian brain hypothesis is that the brain uses the framework of Bayesian probabilistic

computation to make optimal decisions in the presence of uncertainty [1–3]. Despite various

counterexamples, e.g., [4], a large body of research has established that many aspects of cogni-

tion are indeed well described by Bayesian statistics. These include magnitude estimation [5],

color discrimination [6], cue combination [7], cross-modal integration [8, 9], integration of

prior knowledge [10, 11] and motor control [12–14].

Some experimental studies have considered more complex tasks, including visual search

[15, 16], same-different discrimination [17] and change detection [18], but most can be cast

into the problem of estimating a hidden quantity from sensory input. Much fewer experimen-

tal studies have been performed on regression tasks (but see [19] for an overview, and, e.g.,

[20–22]). In a regression task, the aim is to learn the mapping from a stimulus x to an output y
after having been exposed to a training dataset D ¼ fðxi; yiÞg

N
i¼1

of N associations between

stimulus xi and its corresponding yi. Since the mapping from x to y can be probabilistic, the

aim of regression is to find an expression for p(y|x, D). Classification tasks, such as object rec-

ognition, or self-supervised tasks, such as estimating the future position of an object from past

observations, are just a few examples of the many regression tasks performed by humans on a

daily basis.

The machine learning literature contains many solutions to the regression problem, includ-

ing nonlinear regression, support vector machines, Gaussian processes and deep neural net-

works (see [23] for an introduction). It is unclear, however, how humans perform regression

tasks. Most of the machine learning solutions rely on the assumption that the mapping from x
to y is parametrized by a set of parameters w, such that the original regression problem of find-

ing the posterior predictive distribution p(y|x, D) is replaced by a parameter estimation prob-

lem, i.e., finding the best set of parameters w� for the parametrized mapping p(y|x, w�).
However, this approach is not Bayesian since no uncertainty over the parameters w is included

in the regression model.

The Bayesian approach to regression proceeds in two steps [24]. First, the posterior distri-

bution over the parameters p(w|D) is computed from the observed data D. Then, this posterior

is used to compute the posterior predictive distribution by integrating over the parameters:

pðyjx;DÞ ¼
Z

pðyjx;wÞpðwjDÞdw ð1Þ

Taking into account the uncertainty over parameters is particularly relevant for predictions

when the size N of the dataset is small compared to the number of parameters. Indeed, taking

into account the uncertainty helps to generalize to unknown data and thereby alleviates

overfitting.

Parameter uncertainty also plays a key role in computing predictive distribution Eq (1), as

estimated, e.g., by the variance of the predictive distribution. In Bayesian decision theory, the

predictive distribution is used to minimize the expected cost with respect to the predicted vari-

able. This is important when rewards are unequally distributed, as is the case in many beha-

vioural tasks [25–27]. Some recent work supports the notion that humans make simple

decisions in a way which conforms to Bayesian decision theory [12, 28]. In more complex

tasks, it has been shown that humans respond suboptimally, which can be largely attributed to

noisy inference rather than noisy decision making [29]. A competing decision model to that of

Bayesian decision theory is probability matching, wherein random samples are drawn from

the predictive distribution. Several studies support the idea that humans use probability

matching in cognitive [30, 31] and perceptual tasks [32]. Despite the differences in how predic-

tion uncertainty is used in Bayesian decision theory and probability matching, uncertainty is
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nevertheless an integral part of the decision making process in both cases. Both of the afore-

mentioned potential pitfalls of the regression problem—overfitting to small datasets and lack

of prediction uncertainty—currently limit the power of deep neural network models [33, 34].

These models have millions of parameters and their performance improves with the number

of layers [35, 36]. To prevent overfitting, training requires ever larger and more expensive

training sets.

It is interesting to note that classic Deep Neuronal Networks (DNNs) do not use weight

uncertainty and are therefore limited in their ability to compute prediction uncertainty.

Recently, the idea of computing the probability distribution over weights in DNNs and using

the distribution for prediction has gained traction and has given rise to the so-called Bayesian

Neuronal Network (BNN), for example [37, 38]. Thus, the proposal of BNNs is simply to apply

Bayesian regression to DNNs. BNNs promise better performance in the low data regime.

Here, we ask the question whether human observers process parameter uncertainty in

accordance with Bayesian regression. We conducted psychophysical experiments in the low

data regime with a simple generative model and compared Bayesian regression to other regres-

sion models without fitting any hyperparameters other than participant-specific noise. The

experimental design made use of the fact that Bayesian regression predicts an uncertainty-

modulated transition from a unimodal to a bimodal response distribution. In each trial, we

presented participants with 4 points from a hidden, noisy parabola. The task was to correctly

extrapolate the parabola, i.e., to find the vertical point of intersection of the parabola with a

given horizontal location. The quadratic parameter of each parabola was drawn from a

bimodal prior distribution, designed to make the parabolas face either upwards or downwards.

After recording the participant’s response, we showed the parabola from which the stimulus

dots were generated as feedback. This feedback enabled the participants to learn both the prior

and the generative model. Because we wanted to test to what extent participants make deci-

sions in accordance with Bayesian regression, we varied the level of noise of the parabola. The

rationale is that the higher the noise level, the higher the uncertainty about the correct parame-

ter and, according to Bayesian regression, the more participants should rely on the prior and

produce a bimodal response distribution. We found that Bayesian regression indeed explains

participants’ responses better than maximum likelihood regression and maximum a posteriori

regression. Moreover, we compared a loss-based decision model with a sampling-based deci-

sion model and found clear evidence for the latter. Indeed, a loss based model with exact infer-

ence cannot explain the bimodality of participants’ response distributions.

Results

A novel paradigm to test regression

We designed a novel psychophysical experiment in which participants had to extrapolate a

noisy parabola displayed on a computer screen. In each trial, we chose the parameter w of the

parabola y = wx2 from a bimodal prior distribution π(w) where the two modes are centered at

w = 1 and w = −1 and the variances are given by s2
p

(see Eq 5). The parameter w was either pos-

itive (parabola facing upwards) or negative (parabola facing downwards), with the same proba-

bility, i.e., 0.5. We selected four dots on the parabola with x-positions close to the parabola’s

vertex and added zero-mean Gaussian generative noise σg to the dots’ y-positions (see Eq 4).

We then presented a fifth dot to the right of the stimulus, always at the same x-position x? = 2.

Participants could move the fifth dot up and down along the y-axis by using the up and down

arrow keys. Participants were asked to adjust the y-position so that the dot correctly extrapo-

lated the parabola. During the adjustment task, participants saw only the 4-dot stimulus but

not the generating parabola. After the the participant had validated his/her response, we
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showed the generating parabola and the adjusted point as feedback. Participants were naive to

the purpose of the study. They were not informed about the existence of a prior distribution of

the parabola’s quadratic parameter, the parabola’s bimodality nor the level of generative noise.

In our main experiment, we set the standard deviation of each prior mode to σπ = 0.1 (if not

specified otherwise, assume this value throughout this work) and fixed the values of x-posi-

tions to x1 = −0.3, x2 = −0.1, x3 = 0.1 and x4 = 0.3. We generated j 2 (1, . . ., 20) unique stimuli

Dj ¼ fx
ðjÞ
i ; y

ðjÞ
i g

4

i¼1
at a low (0.03), medium (0.1) and high (0.4) value of the generative noise σg.

The rationale is that the higher the noise level, the higher the uncertainty (the lower the likeli-

hood) and the more participants rely on the prior if they act consistently with a Bayesian

regression model. At each noise level, we ran 400 trials, repeating each unique stimulus Dj 20

times. The stimulus presentation order was randomized within each noise level (Fig 1B). Thus,

we obtained a set of responses for each noise level and for each of the 20 stimuli

Rj ¼ fr
ðjÞ
1 ; . . . rðjÞ20g. The advantage of observing several responses for the same exact stimulus is

that we can compare the observed response distribution to the response distributions pre-

dicted by the different models.

Fig 1. Experimental protocol. (A): Procedure of a single trial. First, a fixation dot was presented for 1s before the 4-dot stimulus

appeared. Observers then had unlimited time to adjust the fifth dot with the up and down arrow keys. They then clicked the space bar to

confirm the final position of the adjustable dot. After the response, the generative parabola was shown for 1s as feedback. (B):

Experiment 1: The experiment consisted of two sessions on two separate days. Both sessions began with 10 practice trials with virtually

no noise (σg = 10−5), followed by 4 blocks of 50 trials of low noise (σg = 0.03). In session 1, the low noise blocks were followed by 8 blocks

of 50 trials of medium noise (σg = 0.1), while in session 2, the low noise blocks were followed by 8 blocks of 50 trials of high noise (σg =

0.4). In total, each participant completed 400 trials per noise level, with 20 repetitions of 20 unique stimuli. In this experiment, σπ was set

to 0.1. (C): Experiment 2: the experiment consisted of a single session which began with 20 practice trials with very low noise (σg = 10−2),

followed by 10 blocks of medium noise (σg = 0.1) trials. Each block consisted of 20 trials, with the generative parabola shown as feedback,

as in Experiment 1. Half of the 200 trials consisted of stimuli which were presented just once, while the remaining 100 trials consisted of

10 repetitions of 10 unique stimuli. In this experiment, σπ was set to 0.5. See Materials and methods for more details.

https://doi.org/10.1371/journal.pcbi.1007886.g001
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Seven naive participants took part in the experiment. We denote the set of all responses of

participant k by RðkÞ
¼ fRjg

20

j¼1
. The stimulus presentation order was identical for each partici-

pant. At the beginning of each experimental session, we showed a virtually noiseless 4-dot

stimulus σg = 10−5 to familiarise the participants with the task and to estimate their internal

noise sources (explained in more detail below).

In a second experiment, we set the prior standard deviation to σπ = 0.5 and the generative

noise to the medium level of σg = 0.1. Instead of using fixed x-positions for the stimuli we

added weak Gaussian noise (see Material and methods). We repeated 10 unique stimuli 10

times each, which yielded a total of 100 trials. Four naive participants (different from those

recruited for the first experiment) completed the experiment. The key difference to the σg = 0.1

condition in the first experiment was that here, the prior provided much less information

about the curvature of the parabolas.

In total, we studied four different conditions: three with σπ = 0.1 and σg 2 {0.03, 0.1, 0.4} in

experiment 1, and one with σπ = 0.5 and σg = 0.1 in experiment 2.

The regression models

We considered five regression models (see Materials and methods). The Maximum likelihood

regression (ML-R) model computes only the point estimate of w that maximizes the likelihood

p(Dj|w) and does not make use of the prior distribution at all. The maximum a posteriori

model (MAP-R) combines the likelihood with the prior distribution to compute the mode of

the posterior distribution p(w|Dj). Despite the fact that it uses the bimodal prior, MAP-R can-

not produce bimodal responses because it relies on a point estimate of w. The Bayesian regres-

sion (B-R) model MBR takes the entire posterior distribution into account:

pðy?jx?;Dj;MBRÞ ¼

Z

pðy?jx?;wÞpðwjDjÞdw ð2Þ

In B-R, the noise level σg plays the crucial role of modulating the relative strength of unimodal

likelihood and bimodal prior, and hence determines the transition between a unimodal and a

bimodal response distribution. Relaxing the assumption that the true generative noise is

known, we included an additional variant of B-R that (deterministically) estimates the genera-

tive noise ŝg for the current stimulus Dj. We indicate this variant of B-R with a subscript: B-Rσ.

Note that technically, this trial-by-trial noise estimation could also be applied to the other

models such as MAP-R. However, MAP-R reduces the posterior distribution over the qua-

dratic parameter to a point estimate. Therefore, an additional trial-by-trial noise estimation

would not change its prediction substantially, i.e., it would only shift the unimodal prediction

but would not induce a bimodal predictive distribution. Thus, we did not consider a corre-

sponding “MAP-Rσ” variant. As a null model, we included prior regression (P-R), which

replaces the posterior with the prior, i.e., it does not use the likelihood.

For all models considered here the predictive distribution depends deterministically on the

4-dot stimulus. In this sense, they rely on exact inference. Noisy inference is an alternative

which assumes that the inference process is corrupted by noise [29]. This alternative would

require an additional noise parameter which governs the level of inference noise (see S1 Text).

Here, we constrain ourselves to models with exact inference to remain fitting-free, i.e., model

predictions for a given stimulus Dj have no free parameter. We used the true values of the

hyperparameters because we assume that the participants learned the generative model within

a few trials (see S1 Text). Thus, the model predictions require no fitting. For more details, see

Materials and methods.
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In the plots, we denote the models by the arguments of their predictive distributions, i.e., y|
x, wML for Maximum Likelihood regression (ML-R); y|x, wMAP for Maximum a Posteriori

regression (MAP-R); y|x, D for Bayesian regression (B-R); y|x,D, σg for Bayesian regression

with noise estimation (B-Rσ) and y|x for prior regression (P-R).

The decision models

We considered two decision models that turn the predictive distributions into a response dis-

tribution: probability matching and Bayesian decision theory. In the case of probability match-

ing, it is assumed that participants draw random samples from the predictive distribution:

y? � pðyjx;D;MÞ. If not stated otherwise, we use sampling-based decisions throughout this

work. Meanwhile, according to Bayesian decision theory, participants select a response by

minimizing the expected loss function y? ¼ arg miny?hLðy; y?Þipðyjx;D;MÞ. Here, we considered

only the square loss, which is equivalent to the choosing mean of the predictive distribution

y? ¼ hyipðyjx;MÞ. Independently of the form of the loss function, the Bayesian decision theory

generates responses from the predictive distribution deterministically. When we use loss-

based decision models, we indicate this by adding the prefix “L”: to the model, e.g., L: y|x, D
for a loss-based decision model applied to Bayesian regression.

To model participants’ responses, we also accounted for internal sources of noise, i.e., noise

which is inhere to neural processing, decision making and the execution of motor action [29,

39]. We call the sum of these noise components motor noise for brevity. The motor noise is

not a model parameter but a participant-specific parameter. We computed the motor noise σm
for each participant from the 20 responses to the noiseless stimulus. To ensure robustness to

outliers, we used the average value between the 16% and 84%-percentile of the response distri-

bution. The values of motor noise for the seven participants of the main experiment were

sð1;...;7Þm ¼ ð0:22; 0:3; 0:74; 0:88; 0:34; 0:37; 0:54Þ, respectively while for the second experiment,

we used the average of these values, i.e., 0.48 because the noise-free responses of experiment 2

were not available. The motor noise was included in the models by convolving the predictive

distribution with a Gaussian of variance s2
m. In the case of loss-based decision models, motor

noise was the only source of response variability.

Modality of predicted and observed response distributions

Fig 2(A) shows the responses of a representative participant along with the predicted response

distributions of the different models. Both ML-R and MAP-R ignore one of the modes (here,

the mode corresponding to a downward-facing parabola). In addition, the parabola predicted

by ML-R has lower curvature than the parabolas predicted by any of the other models (i.e., the

absolute value of the ML-R parabola’s quadratic parameter is lower) than that of the parabola

that the participant responded with. A potential explanation for this finding is that, while

ML-R does not take the prior into consideration, humans do make use of the prior. In the low

noise regime (σg = 0.03, Fig 2(B)), the discrepancy between the participant’s response distribu-

tion and the prior regression model’s predicted response distribution in terms of the number

of modes (unimodal and bimodal, respectively) rules out the explanatory validity of the latter.

In the higher noise regimes (σg 2 (0.1, 0.4), Fig 2(C) and 2(D)), MAP-R and ML-R fail to

account for the fact that the participant’s responses are distributed across both modes. The

finding that at σg = 0.03 MAP-R matches the participant’s responses often with high accuracy

provided implicit evidence that participants used the prior and had learned the parabola’s gen-

erative model.

Fig 2(E) illustrates the participant’s responses in the condition when σπ = 0.5. The partici-

pant’s responses cover a wider range of values than in the conditions of experiment 1 when σπ
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is smaller (i.e. σπ = 0.1). While the generative noise σg = 0.1 is the same as in Fig 2(B), this con-

dition is more difficult because the prior is less reliable. As a consequence participants rely

more strongly on the noisy stimulus and produce more response variability. In this example,

the responses are closely clustered around the center. B-Rσ is attracted more strongly to the

Fig 2. Example responses. B-R is the only model that can explain the transition from unimodal response (at low noise,

(B)) to bimodal response distribution (at high noise, (D)). (A) A sample stimulus (green dots) at high noise level (σg =

0.4). For this specific stimulus, contours indicate the response distributions predicted by ML-R, MAP-R, B-R and B-Rσ
(not shown to the participant) at various x?. At x? = 2, we recorded the participant’s responses (gray dots). The cross

section at x? = 2 is shown in (D). (B—E) The predicted response distributions at x? = 2 of ML-R (blue), MAP-R

(orange), B-R (red), B-Rσ (dark red), P-R (green) and observed responses (gray). As σg increases (B—D), the data

becomes less informative. Consequently, and in accordance with B-R, the response distribution becomes more

bimodal. (E) Due to the weak prior the predictions of B-R and B-Rσ respond more strongly to the data and diverge

from the modes of P-R more stronlgy than in the previous conditions. The skewness of B-Rσ results from the mixture

of both Gaussian components.

https://doi.org/10.1371/journal.pcbi.1007886.g002
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center than B-R because the former is more driven by the stimulus due to underestimating the

noise.

B-R outperforms the other models

Fig 2. In order to formally assess model performance, we next conducted a quantitative model

comparison across all participants. For each of the seven participants individually, we com-

puted the log probability that the participant’s responses arise from the given model. We

summed these log probabilities for all of the unique stimuli Dj as a measure of the quality of

the model. Fig 3(A) shows these values relative to the B-R baseline value for each noise level,

averaged across participants. Negative values indicate poor performance relative to B-R. A sub-

ject-level analysis showed that the model comparison results were not driven by any single par-

ticipant’s data (see S1 Text). Because our model comparison is fitting-free, we do not need to

account for different levels of model complexity. Indeed, in the present case, the log likelihood

comparison is equivalent to using the Bayesian Information Criterion.

As Fig 3(A) shows, B-R is among the highest performing models for all conditions. As the

task difficulty increases (left to right), P-R performance approaches that of B-R. This is because

the parameter uncertainty encoded in the prior becomes more important and the response dis-

tribution becomes bimodal. Neither MAP-R nor ML-R can capture this and therefore perform

Fig 3. Model comparison. The model comparison shows that the B-R model best explains the data (A, B) and that

sampling-based decision models outperform loss-based decision models (C). (A) Difference in log likelihood with respect

to B-R averaged over participants for different experimental conditions. Negative values mean that B-R wins the

comparison. B-R is either winning (σg 2 (0.03, 0.1)) or equivalent to P-R because the two coincide at high levels of

parameter uncertainty (σg = 0.4 and σπ = 0.5). (B) The expected likelihood of each model for a randomly selected

participant shows what fraction of participants are best described by a model. Overall, B-R and B-Rσ describe the

population best. (C) Log likelihood difference between a sampling and a loss-based decision model. Negative values

favour sampling. At all other conditions and for all regression models, sampling explains the data better than loss-based

decision models with exact inference. For B-R, B-Rσ and P-R, loss-based models do not predict bimodal responses. At low

noise σg = 0.03, loss-based models underestimate the response variance. Error bars represent the SEM across participants.

https://doi.org/10.1371/journal.pcbi.1007886.g003
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poorly. These results are consistent across participants (see S1 Text for a subject-level

analysis).

At low noise σg = 0.03, participants give unimodal answers and the mean predictions of B-R

and MAP-R are indistinguishable. Then the model that better captures the response variability

wins. In general, B-R explains the variability of the responses better. The variability is also the

reason why P-R performs relatively well under the more difficult conditions, i.e., σg = 0.03 and

σπ = 0.5.

The averaged results are largely consistent with a subject-level analysis. A notable exception

is that at σg = 0.03, MAP-R emerges as the best model (closely followed by B-R) for participants

3, 4 and 7 (see S1 Text). A Bayesian random effects analysis confirms this. Specifically, we used

the model posterior pðMjRðkÞ
Þ averaged over a randomly selected participant k. This measure

reflects the ratio of participants for which model M wins. Fig 3(B) shows that the responses of

the majority of participants are best modelled by B-R or B-Rσ. Since B-R interpolates between

MAP-R (at low noise) and P-R (at high noise), as expected, at σg = 0.03, i.e., the easiest condi-

tion, the responses of some participants are also well modelled by MAP-Rwhile at the most dif-

ficult condition, i.e., when σπ = 0.5, the responses of half of the participants are best described

by P-R (and the other half by B-R).

Next, we investigated if sampling or the loss function perspective explains the responses

better. Fig 3(C) depicts the log likelihood of loss-based decision making compared to sampling

for each model. Negative values indicate that sampling wins. Sampling explains the data better

for all models and in all experimental conditions. One explanation is that the loss mechanism

turns bimodal predictive distributions into unimodal predictive distributions. Here, we use

the square loss such that the (unimodal) response distribution is centered on the mean of the

predictive distribution. In the case of P-R, the mean of the predictive distribution lies at the

center of both modes. Clearly, this method does not capture bimodal responses. This is why

the performance difference between the two decision models is smallest at σg = 0.03, where all

models except for P-R make predictions which are close to unimodal.

The second explanation for the better performance of sampling is that the loss function

approach with exact inference underestimates response variability. The response variability

differs from one stimulus to another and is often higher than σm. This explains the better per-

formance of sampling for MAP-R and ML-R, since the effect of turning a bimodal response

distribution into a unimodal one is absent. In these cases, the sampling-based decision model

has the effect of increasing the variance of the predicted response distribution by s2
g . This leads

to better model performance on variable response data, even in the experimental conditions σg
= 0.03 where participants respond unimodally.

In conclusion, from the models considered here, B-R with sampling best explains partici-

pants’ responses.

B-R explains the generative noise-dependent increase in response variance

A key characteristic of B-R is the transition of the model’s posterior predictive distribution

from unimodality to bimodality as σg increases, i.e., as the data become less informative. To

analyse this transition, we used the participants’ response variances at the different levels of

generative noise.

The variance of the response distributions is sensitive to bimodality. For example, if all

responses are distributed evenly across both modes, the variance is close to 16, which corre-

sponds to the variance of the prior P-R. If all responses are located in a single mode, the vari-

ance is typically smaller by a factor of ten (e.g., see Fig 2(B)). We explain this in more detail

below.
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For each stimulus Dj and for each participant, we computed the variance of the 20 observed

responses s2
rjDj

. Because we have 7 participants, this yields a distribution over 7 × 20 = 140

empirical variance values at each value of σg. We compared this distribution with the response

variance distribution predicted by the models. To achieve a higher resolution and show the

dynamics of the variance as a function of the generative noise, we generated 5000 unique sti-

muli from a densely spaced σg instead of relying on the small number of stimuli and noise lev-

els used in the experiment (see Materials and methods).

The empirical variance distribution (gray) and its median (black) are shown in Fig 4 along

with the predicted median of the variance distribution for each model (color coded). For B-R

and B-Rσ, we plotted the distribution in Fig 4(A) and 4(B), respectively.

The median of the B-R variance distribution increases with the noise level. This is due to

the fact that B-R’s predicted response distribution transitions from unimodal to bimodal; this

transition is modulated by the generative noise, which determines the relative contribution of

the prior and likelihood to the response distribution. Consequently, the B-R model is the only

one for which the variance values smoothly transition from the MAP variance at the low noise

level (σg = 0.03) to the P-R variance at the high noise level (σg = 0.4). The P-R variance remains

constant and the MAP-R variance increases very weakly as a function of the generative noise.

The variance analysis provides further evidence for the superiority of both B-R variants over

the other models.

While B-R captures the general trend in the data, it fails to account for two key characteris-

tics. First, the median variance increases slower than B-R would predict, and secondly, at high

levels of generative noise, B-R fails to reproduce the lower part of the distribution (where

response variances are close to zero). A potential explanation for this discrepancy is that partic-

ipants estimate the noise on a trial-by-trial basis. When the noise added to the 4-dot stimulus

was, by chance, such that the dots appeared to be well-aligned on a parabola, participants

would, presumably, underestimate the generative noise and respond in a way which was con-

sistent with a unimodal distribution. The fact that the B-Rσmodel captures the empirical

Fig 4. Response variances of predicted and empirical distributions, as a function of generative noise. B-R best

explains the increase in response variance as a function of the generative noise σg. Variances of the empirical response

distributions from all participants (gray dots, median: gray line) and predicted response distributions, corresponding to

the two B-R variants (median: red line, log probability: heatmap). B-R (A) Interpolating between MAP-R and P-R, only

the B-R variants capture the upward trend in the data. At σg = 0.4, B-R fails to account for the empirical responses with

close-to-zero variances. (B) At σg = 0.4, B-Rσ predicts a bimodal variance distribution because, in trials with low noise

estimates, the predicted response distribution is unimodal and thus variance is low. Because of these low-variance trials,

the median of B-Rσ increases slower than the median of B-R and captures the empirical median better. Because ML-R and

MAP-R behaved identically, the MAP-R represents both regression models.

https://doi.org/10.1371/journal.pcbi.1007886.g004
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variance better than B-R provides some evidence for this idea. On some trials, B-Rσ underesti-

mates the true σg and applies the B-R formalism with high confidence in the stimulus data. In

these cases, the model relies strongly on the likelihood and bimodality, which normally enters

through the prior, is not achieved. Rather, the resulting response distribution is unimodal and

has low variance.

Despite the fact that B-Rσ describes the qualitative features of the variance distribution bet-

ter than B-R, it performs worse in terms of log likelihood. This shows that the low variance

responses of humans and of B-Rσ do not always coincide on a trial-by-trial basis.

To better understand the relation between response variance and bimodality, we dissect the

variance of a bimodal response distribution to stimulus Dj into its components:

s2

rjDj
¼ s2

m þ s
2

yjDj
þ cð1 � cÞðm1 � m2Þ

2
; ð3Þ

where μ1 and μ2 are the means of the modes of the posterior predictive distribution, c is the

mixture coefficient and s2
yjDj
þ s2

m corresponds to the variance of both modes. The unimodal

contribution is not mode-specific because we chose a symmetrical prior. The first two terms

constitute a unimodal contribution and the last term a bimodal contribution. The latter is con-

trolled by the mean dispersion (μ1 − μ2)2 and a prefactor c(1 − c) that is equal to zero for c 2 {0,

1} and is maximal for c = 1/2. To determine to what extent each component of this dissection

is present in the response data, we defined the empirical counterparts of μ1, μ2 as the means of

the upper and lower modes of the response distribution and c as the mixture coefficient, corre-

sponding to the fraction of positive responses r> 0. For the unimodal variance contribution

s2
yjDj
þ s2

m, we used the variance of the mode which contains the majority of responses (see

Methods for more details). The comparison between data and models shows that both B-R

variants correctly predict the driver of the observed variance to be the transition to bimodality.

Fig 5(A) shows the predicted positive coefficient c (median) of the models as a function of the

empirically-observed coefficient across all participants and stimuli (in the main experiment).

As further evidence for the validity of the B-R perspective, both B-R variants correctly predict

the fraction of positive responses. Indeed, the smooth transition from a unimodal to a bimodal

distribution is nicely captured by B-R. In contrast, MAP-R transitions sharply and is more

reminiscent of a step function while P-R predicts equally strong modes across all noise level

conditions.

The bimodal distribution of responses depends on the prefactor c(1 − c) and the mean dis-

persion. Fig 5(B) shows the median value of the prefactor as a function of generative noise

(across all participants and stimuli). Data and model predictions qualitatively match the

behaviour of the variance in Fig 4. Indeed, the other contributions to the variance are less

important. The mean dispersion, shown in Fig 4(C), plays the role of a large constant. The

unimodal contribution to the variance, shown in Fig 5(D), is small compared to the bimodal

contribution. In conclusion, the coefficient c plays the dominant role in determining the vari-

ance of the response distribution. Because the two B-R variants estimate c sufficiently well,

they best match the empirical variance distribution.

Interestingly, all models overestimate the unimodal variance, with the exception of MAP-R

in the low noise condition (Fig 5C). The B-R variants predict larger variance than MAP-R

because they translate the posterior parameter into response uncertainty. P-R predicts even

larger response variance because it uses the prior parameter uncertainty which is generally

larger than the posterior one. Despite the fact that MAP-R best describes the median variance,

it performs worse than B-R in terms of log likelihood. Fig 5(C) reveals that one factor contrib-

uting to the poorer performance of MAP-R is the occurrence of unimodal, high variance

responses.
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In summary, the variance analysis provides further evidence that B-R captures the way in

which generative noise induces a transition from unimodality to bimodality in participant

responses. However, B-R overestimates response variance. Trial-by-trial estimation of the

noise offers a potential explanation for why participants cluster their responses more unimod-

ally than predicted.

Unimodal responses are overall best explained by B-R

Thus far, the main factor behind the superiority of the B-R model’s performance relative to the

other models is the ability of B-R to capture the bimodality of responses, i.e., to correctly set

the mixture coefficient. However, the previous analysis showed that unimodal variance

decreases as a function of generative noise while B-R predicts an increase. It remains unclear if

B-R still wins the model comparison in a unimodal setting where performance is independent

of the mixture coefficient.

To address this question, we conducted a model comparison on a unimodally conditioned

dataset. For each stimulus Dj, we considered only responses in which the dominant response

mode and the dominant mode of the model predictions coincided (see Methods for details).

The conditioning yields a unimodal dataset in the sense that all predictions and responses

belong to the same mode. To make the model comparison fair for the bimodal predictive

Fig 5. Median of each of the bimodal response distribution variance components across all participants and stimuli.

(A) Predicted coefficient of positive mode as a function of the empirical coefficient (across all noise levels). ML-R behaves

identically to MAP-R. Thus, the MAP-R curve represents both models. The shaded area shows the 40% and 60%

quantiles. (B) Prefactor of bimodal contribution as a function of generative noise. Data jittered for visibility. (C)

Unimodal contribution to the variance. Empirical variance computed on mode with majority of responses. (D) Mean

dispersion. Only trials with bimodal responses included. As the stimulus becomes more noisy, human responses and B-R

variants conform to the prior.

https://doi.org/10.1371/journal.pcbi.1007886.g005
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distributions of P-R and the B-R variants, we removed the inferior mode and normalised the

remaining probability mass to one.

At the group level, B-R wins the model comparison across all conditions, as shown in Fig 6

(A). B-R clearly outperforms the other models in two conditions in particular: at σg = 0.03 and

at σπ = 0.5.

Interestingly, in the bimodal dataset, B-R did not emerge as a clear winner at σπ = 0.5

because P-R performed similarly well. Thus, B-R is not better than P-R at modelling how par-

ticipants balance the two modes, but once the mode is chosen, it performs better. At σg = 0.1,

B-R and B-Rσ outperform the other models. B-Rσ wins by a small margin (see axis scaling).

However, a subject-level analysis (see S1 Text) shows that the average is mostly driven by par-

ticipant 1, while in the case of other participants all models perform similarly well. At σg = 0.4,

no clear winner emerges. Intuitively, this makes sense because the stimulus is not informative

and all models rely mostly on the prior information about w. Here, B-R wins or performs simi-

larly to other models.

The Bayesian random effects analysis (results shown Fig 6(C)) confirms the previous

results. The ratio of participants whose responses are best described by a given model

hpðRðkÞjMÞik indicates that B-R describes the population at σg = 0.03 and at σπ = 0.5 well. As

in the bimodal dataset, MAP-R reflects the responses of some participants well at σg = 0.3. At

Fig 6. Unimodal model comparison. The unimodal analysis confirms previous results: overall B-R with sampling

wins the model comparison. (A) Differences in log likelihood on unimodal data, averaged over participants. Negative

values mean that B-R wins. ML-R is omitted because its poor performance complicates visualisation. (A) B-R wins at

σg = 0.03 and σπ = 0.5, but not in the other conditions. (B) All models use the quadratic loss function to select

responses, with response variance given by the motor noise s2
m. B-R with sampling explains the unimodal data best for

most participants. High subject-level variability results in large errors (see S1 Text for a subject-level analysis). (C, D)

The fraction of participants best described by a given model. At σg = 0.4, several models perform well. Error bars

indicate SEM across participants.

https://doi.org/10.1371/journal.pcbi.1007886.g006
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σg = 0.1, the log likelihood performance (Fig 6A) of all models is similar but B-Rσ and MAP-R

win by a small margin (see S1 Text for a subject-level analysis). Hence, B-Rσ and MAP-R per-

form best in the Bayesian random effects analysis (Fig 6C). No clear winner emerges at σg =

0.4.

Next, we revisit the question of whether participants sample or use a loss function. In the

bimodal data, the loss function approach was at a disadvantage because it could only produce

unimodal response distributions. This disadvantage is not present in the unimodal dataset. To

make the performance of models in Fig 6(A) and 6(B) comparable, we use B-R with sampling

as the baseline in both plots. Fig 6(B) shows that, averaging across participants and conditions,

B-R with sampling outperforms the loss-based models. The large errors in (B) reflect large

intersubject variability. The Bayesian random effects analysis in Fig 6(D) confirms that B-R

also wins at the subject-level at σg = 0.03 and at σπ = 0.5. One exception is L:B-Rσ at σg = 0.1.

Indeed, the subject-level analysis (S1 Text) shows that in terms of the averaged log likelihood

at middle and high noise σg 2 (0.1, 0.4) participant 1 is an outlier. For other participants, the

performance of B-R with sampling and the loss-based models is very similar. Despite the

higher intersubject variability in the case of the unimodal dataset than in the bimodal dataset,

the unimodal analysis provides convincing evidence of the superiority of B-R with sampling

over other models considered here. In contrast to the model comparison in the bimodal analy-

sis, in the unimodal case B-R clearly wins the model comparison at σπ = 0.5.

Discussion

In our experiment, participants adjusted a dot such that it coincided with on a parabola deter-

mined by four other dots. We used the log likelihood to compare participants’ responses to the

predictions of ten models: five regression models ML-R, MAP-R, P-R, B-R and B-Rσ combined

with two decision models, i.e., probability matching (sampling) and Bayesian decision theory

(loss-based). B-R with sampling best explained the responses across various experimental con-

ditions. An analysis of the observed and predicted response variance showed that the model

comparison results were mainly driven by the transition from unimodal to bimodal responses.

Only the B-R variants were able to capture this aspect of the data. However, participants clus-

tered their responses more often in one of the mode than B-R predicted. This resulted in a dis-

crepancy between the predicted and empirical response variances. For B-Rσ, this discrepancy

was smaller. Thus, one possible explanation for the discrepancy is that participants were esti-

mating noise on a trial-by-trial basis. Since in the variance analysis we considered the response

variance from all trials, the relatively better performance of B-Rσ here did not translate into

superior performance in the log likelihood analysis, in which we analyzed responses on a trial-

by-trial basis. B-R without noise estimation was more accurate in predicting the mean and var-

iance of the data trial-by-trial. In a final analysis, we conditioned the responses to a single

mode to eliminate the effects of bimodality which was the driving factor behind model com-

parison results in the first two analyses. This allowed us to study the performance of B-R based

on its mean and variance. The analysis of the unimodal dataset generally confirmed the previ-

ous results. B-Rσ with sampling either outperformed or performed similarly to the other

models.

Our results suggest that humans turn the posterior predictive distribution into a response

via probability matching rather than Bayesian decision theory. The loss function approach

fails to explain the bimodality of responses to repeated identical stimuli. One way to interpolate

between Bayesian decision theory and probability matching is to present distributions by sam-

ples [40]. The number of samples used to approximate the (predictive) distribution interpo-

lates between both decision models. If the number of samples is sufficiently large, the
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approximated distribution converges to the true distribution, and we enter the domain of stan-

dard Bayesian decision theory. However, if only a single sample is used for the approximation,

probability matching is recovered. This is because applying Bayesian decision theory to a one-

sample distribution returns the location of this sample as a response. The number of samples

takes the role of a transition parameter between classical Bayesian decision theory and proba-

bility matching.

[29] In the context of a categorical decision task, Drugowitsch et al. [29] showed that noisy

inference (rather than noisy decision making or noisy perception) explains the largest fraction

of participants’ response variability. Indeed, noisy inference offers an interesting way to recon-

cile Bayesian decision theory with bimodal responses. Conceptualising the choice between two

modes as noisy inference over two unimodal models leads to a bimodal response distribution

(see S1 Text). At low generative noise, the noisy inference procedure yields a unimodal

response distribution because the difference between the two model evidences is large. At high

generative noise, the evidences for both models are similar such that the inference noise

becomes the decisive factor in the participant’s response. In this case, noisy inference predicts

a bimodal respsonse distribution. As in Bayesian regression, the transition from unimodal to

bimodal response distribution depends on generative noise. However, the speed of the transi-

tion also depends on the inference noise, i.e., a free parameter. In Bayesian regression, this

transition speed is computed as a function of the stimulus and the parameters of the generative

model, and no fitting is required. Because we wanted to study how humans process parameter

uncertainty in a fitting-free context, we did not test the noisy inference model quantitatively.

Future work is required to further explore the relationship between Bayesian regression and

noisy inference.

Throughout this study, we assumed that the generative model is known. In real world

regression tasks, this assumption is typically not justified. Instead, subjects must simulta-

neously learn the generative model and its parameters. For example, in the context of our

experiment this would translate to not informing participants ahead of time that the 4-dot sti-

muli were generated from parabolas. Bayesian regression extends naturally to tasks with

model uncertainty. The Bayesian approach to making predictions makes use not only of the

expectation over the posterior over the parameters but also of the expectation over the poste-

rior over the models. Thus, Bayesian regression with model uncertainty requires subjects to

infer the posterior over models and to average over this posterior. Compared to Bayesian

regression with a known generative model, this multiplies the computational burden by the

number of relevant models. It is an interesting question whether subjects solve regression tasks

with model uncertainty by taking advantage of Bayesian regression or whether they rely on

point estimates such as the MAP-estimator of the model posterior. A study in the context of

sensory fusion suggests the latter [41] but it is unclear to what extent this is also the case in the

domain of function fitting.

Compared to toy examples, real world tasks typically involve complex models with high-

dimensional parameter spaces. This makes the evaluation of the integral in Bayesian regression

particularly difficult. Sampling offers a potential solution because it scales well to high dimen-

sions and integrals reduce to the evaluation of a sum. Recent advances in neuronal algorithms

[42, 43] suggest that, in theory, the brain can efficiently encode probability distribution via

samples. Thus, sampling provides an intriguing direction to further explore potential links

between psychophysical experiments and neuronal implementation of uncertainty.

For a given generative model, Bayesian regression and other regression models prescribe

how to make prediction when parameter uncertainty is present. For example, MAP-R uses a

point estimate of the posterior while B-R uses the entire posterior. Thus, the performance of a

regression model in terms of its ability to model human responses depends on two factors: the
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ability of the regression model to describe how humans handle uncertainty and the degree to

which the theoretically-chosen generative model is true to the generative model inferred by

the observer. The predictions of the regression models in our study are limited in that they

assume a parabolic generative model. A previous study reiterated the formal equivalence of

Bayesian regression and Gaussian processes and demonstrated the flexibility with which

Gaussian processes can model human responses in a complex function fitting task [19]. In the

case of the Bayesian regression model, the authors fit various hyperparameters, and it was

unclear how they controlled for the complexity of the fit. Thus, the study could not answer if

the Bayesian regression model performed well because of its flexibility in representing different

generative models or because it captured how humans process parameter uncertainty. In our

work, we removed the confounding factor by enforcing a simple generative model through

feedback in every trial. Instead we remained fitting-free and could, thus, study directly how

participants processed parameter uncertainty. The rationale of simplicity rather than complex-

ity has advantages for the analysis as well. The different models are analytically tractable and

thus can be studied systematically. Additionally, the one-dimensional response space was easy

to visualize and the amount of data needed to compare the predictive and empirical distribu-

tions was limited.

To remain fitting-free, we assumed that participants know the generative model, including

the prior over the parameters. Without this assumption, we would have had to account for

potential temporal dynamics of learning with a participant-specific, time-dependent prior. For

instance, it might take participants a non-negligible amount of time to learn the generative

model or their responses could be influenced by immediately preceding trials. To avoid such

complications, we showed the generative parabola after each trial and we chose a function that

humans can learn [21], i.e., a parabola. Indeed, after having run the experiments, we found

that there was no substantial learning taking place between the first and the last trials except

for some mild learning at σg = 0.1 (see S1 Text). To extend our study to continuous learning, it

would be interesting to relax the i.i.d. assumption of the stimuli in the generative model, as in

[44], and investigate if a Bayesian framework models the evolution of posterior parameter

uncertainty as well.

We presented and analysed our experimental task within the framework of regression.

After seeing the training data, i.e., the 4-dot stimuli, participants were asked to make predic-

tions. Then, one way of making predictions is to compute the posterior predictive distribution

by marginalising over the posterior of the model parameters. Alternatively, the task can be

interpreted as inference of the point where the parabola intersects a vertical line at a chosen x-

position given the 4-dot stimulus. The posterior predictive corresponds to the posterior of the

response location given the data. Indeed, there is a formal equivalence between Bayesian

regression with linear Gaussian generative models and Gaussian processes with a kernel that

encodes the generative model (e.g. [19]). Algorithmically, however, Bayesian regression and

Gaussian process inference differ. B-R focuses on the compression of training data into model

parameters or a distribution of model parameters, e.g., the MAP estimator or posterior. The

training data does not need to be stored to make new predictions. In contrast, Gaussian pro-

cess inference requires that the training data is stored. Thus, the memory requirements grow

linearly with the size of the training data, which constitutes an important drawback of Gauss-

ian process models. To distinguish between the B-R and Gaussian process inference perspec-

tives, one would need to design regression tasks that cannot be reformulated as inference

because observers can neither see nor remember the entire stimulus when they make predic-

tions. One could achieve this by sequentially presenting many training data such that memori-

zation is not a viable option but sequential updates of the posterior are.
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Our work was inspired by the growing emphasis on parameter uncertainty in the machine

learning community; however, it is important to highlight that function learning and extrapo-

lation have been studied before. The function learning literature has addressed which types of

functions humans can learn [45], how batch or sequential data representation affects learning

[22], to what extent human behaviour can be modelled by parametric functions [46] and how

well humans extrapolate [21]. However, to the best of our knowledge, these studies have so far

failed to conduct a minimal experiment to establish that humans process parameter uncer-

tainty in accordance with Bayesian regression. Our contribution will help to better understand

the brain’s remarkable ability to learn and generalise from very little data and underpins the

power of Bayesian regression as a framework in psychophysical modelling.

Methods and materials

Stimulus generation from the bimodal prior

Here, we describe in detail how stimuli are generated. On the jth trial, participants are pre-

sented with a stimulus consisting of N = 4 points in a 2-dimensional space:

Dj ¼ fðx
ðjÞ
i ; y

ðjÞ
i Þg

N

i¼1
. For the main experiment (with σπ = 0.1, see below), we fixed the x-values

to (−0.3, −0.1, 0.1, 0.3) respectively. For the additional experiment (with σπ = 0.5, see below),

we drew the x-values from Gaussians with means (−0.18, −0.09, 0, 0.09) and standard devia-

tion 0.09 but resampled if the minimal distance was less than 0.1 between any two points. In

both cases, we then generated the y-coordinates from a Gaussian generative model with a para-

bolic non-linearity and the generative parameter, wj:

pðyjx;wjÞ ¼ N ðy;wjx
2; s2

gÞ ð4Þ

The parameter wj is drawn from a mixed Gaussian prior

pgðwjÞ ¼ ðcN ðwj; mp; s
2

p
Þ þ ð1 � cÞN ðwj; � mp; s

2

p
ÞÞ ð5Þ

where the parameter set g ¼ ðmp; s
2
p
; cÞ consists of the mean μπ = 1, mixing coefficient c = 1/2

and the standard deviation σπ = 0.1 for the main experiment and σπ = 0.5 for the additional

experiment. We denote the total set of hyperparameters (suppressed for notational clarity),

from the prior and the generative probability, by a ¼ ðg; s2
gÞ. Each parameter wj corresponds

to a generative parabola. Given this model and given a stimulus Dj, we asked participants to

predict the y-component y? at x? = 2, which is equivalent to mentally fitting a parabola to the

four stimulus points and estimating the point of intersection with a vertical line at x?.
To train participants on the generative model and the prior, we showed participants the

generative parabola after each trial. In the main experiment, we showed a set of 20 unique sti-

muli for each of the three noise levels σg 2 {0.03, 0.1, 0.4}, and each unique stimulus was

repeated 20 times. We denote the set of the 20 responses to the jth stimulus as

Rj ¼ fr
ðjÞ
1 ; . . . rðjÞ20g. This amounts to a total of 400 trials per noise level. The order of the stimuli

was randomized. For the additional experiment, we set σg = 0.1 and showed 10 unique stimuli

10 times. Fig 1 shows the experimental paradigm.

Regression models

In each trial, we model the participant’s computation by a consecutive inference and predic-

tion step. During the inference step, the model assumes that the participant infers information

about the quadratic parameter wj based on the presented data (i.e., stimulus) Dj. The inferred
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information is then used for a subsequent prediction y?. We describe the participant’s overall

task as computing the predictive distribution: pðy?jx?;Dj;MÞ.
Prior regression (P-R) is our null model. P-R assumes that participants make predictions

based on their prior belief but disregard information from the stimulus:

pðy?jx?;Dj;MPRÞ ¼

Z

pðy?jx?;wÞpðwÞdw ð6Þ

Maximum likelihood regression (ML-R) relies only on the likelihood maximizing parameter,

wML:

pðy?jx?;Dj;MMLÞ ¼ pðy?jx?;wMLÞ

with wML ¼ arg max
w
pðDjjwÞ

ð7Þ

Maximum a posteriori regression (MAP-R) uses the parameter that maximizes the posterior p
(w|Dj) = p(Dj|w)π(w)/p(Dj):

pðy?jx?;Dj;MMAPÞ ¼ pðy?jx?;wMAPÞ

with wMAP ¼ arg max
w
pðwjDjÞ

ð8Þ

Bayesian regression (B-R) uses the entire posterior for making predictions by marginalizing

over it:

pðy?jx?;Dj;MBRÞ ¼
R
pðy?jx?;wÞpðwjDjÞdw

with pðwjDjÞ ¼ pðDjjwÞpðwÞp� 1ðDjÞ
ð9Þ

Bayesian regression with noise estimate (B-Rσ) loosens the assumption that participants treat

σg as a hyperparameter and instead assumes they use an estimate ŝg on a trial-by-trial basis.

Using the maximum likelihood estimator and the number of pointsM = 4:

ŝ 2

g ¼ M
� 1
XM

i¼1

ðyi � w
?x2

i Þ
2 with w? ¼

XM

i¼1

x4

i

 !� 1
XM

i¼1

yix
2

i : ð10Þ

After substituting the estimate ŝg for the hyperparameter σg in Eq (9), the posterior predictive

distribution is computed analogously to B-R.

Participants’ internal noise

To predict the participants’ responses r from the regression models’ output y?, we had to

account for the internal noise of the participants. We did this by showing a noise-free stimulus

20 times and fitting a Gaussian with variance s2
m to each participant’s response distribution:

pðrjy?Þ ¼ N ðr; y?; s2
mÞ. To be robust against outliers, we took the average of the 16% and 84%

percentiles of the response distribution as motor noise. The predicted response distribution is

then

pðrjDj; x
?;MÞ ¼

Z

pðrjy?Þpðy?jx?;Dj;MÞdy
? ð11Þ
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Model comparison

We used the log-likelihood and the variance to compare the predicted and empirical response

distributions.

Log likelihood. To compute the log likelihood for a model M across all response at a

given noise level σg, we summed the individual log likelihoods of each response r (the log of Eq

(11)) across all stimuli Dj:

LM≔
X20

j¼1

X

r2Rj

log pðrjDj; x
?;MÞ ð12Þ

Bayesian random effects. The winning model of the participant averaged log likelihood

must not necessarily win the model comparison for each participant. The Bayesian random

effects analysis quantifies what fraction of participants are described by a model [47]. Specifi-

cally, we report the expected likelihood of each model for a random participant (Eq. (15) in

[47]), i.e., the normalised Dirichlet parameter: aM.

Variance prediction. As a independent comparison of the data and the predicted

response distribution, we used the variance of the responses. For each of the 20 stimuli Dj we

obtained a single empirical value from the 20 responses recorded:

s2

rjDj
¼ 1

19

X20

k¼1

ð�r ðjÞ � rðjÞk Þ
2

ð13Þ

where high variance values reflect ambiguous and difficult stimuli while low values indicate

easy stimuli, prompting participants to give very similar responses across repetitions. Hence,

at each noise level σg, we have an empirical variance distribution that corresponds to the 20 sti-

muli fDjg
2

j¼1
0.

For the predicted variance distribution, we use the variance predicted by a model M in

response to a stimulus Dj:

s2

rjDj;M
¼ Var½rjDj; x

?;M�; ð14Þ

where we used Eq (3) for an analytical computation of the variance. To improve the resolution,

we increased the number of stimulus samples Dj to 5000 for the theoretical prediction. We use

the resulting distribution over s2
rjDj;M

to compute the median in Fig 4 and the log density in the

background.

Determining the components of the variance in the response data

To compare the components of the predictive variance in Eq 3 to data, we make the following

definitions for a set of response Rj. The empirical mixing coefficient is the fraction of positive

responses:

c ¼
jfr > 0jr 2 Rjgj

jRjj

If only one of the modes is present in the data (c 2 {0, 1}) the bimodal contribution vanishes

and we do not require the means for the total variance. If both modes are present we compute

their means:

m1 ¼ E½rjr > 0� m2 ¼ E½rjr < 0�;
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We define the unimodal variance contribution as the variance of the dominant mode:

s2

y þ s
2

m ¼ Var½rj ~R�;

where ~R is the set of responses in the dominant mode, i.e., the mode that has the majority of

responses. If no dominant mode exists we omit the stimulus. We did not use the inferior mode

to have sufficient samples (at least 11) to estimate the variance.

The unimodal dataset

To obtain a unimodal dataset from the full dataset, we consider only responses and model pre-

dictions if they have the same dominant mode, i.e., parabolas facing either upwards or down-

wards. We define the dominant response mode as the one containing more than half of the

responses and the dominant mode of the model as the one carrying more than half of the prob-

ability mass. For example, if 11 responses fall into the upper mode but the models predict a

downward parabola, all responses are disregarded. However, if the models predict an upward

parabola the 11 responses enter the unimodal dataset. Note that the symmetric prior ensures

that B-R, B-Rσ and MAP-R share a dominant mode. Because the models use the same likeli-

hood term, they process the stimulus as evidence for the same mode and break the symmetry

in the same direction.

Averaged over participants, the fraction of trials per condition retained for the unimodal

dataset is 0.994, 0.849, 0.596 and 0.703 for σg 2 {0.03, 0.1, 0.4} with σπ = 0.1 and σg = 0.1, σπ =

0.5, respectively.

Participants

Seven naive participants (3 females, 4 males, ages 21-27) participated in the main experiment

and four naive participants (all males, ages 21-30) took part in the second experiment. The

experiments were programmed using custom software implemented in MATLAB. Stimuli

were presented on a 1920x1080 (36 pixels/cm) monitor with a refresh rate of 120 Hz. Partici-

pants viewed the display binocularly. Each trial comprised a fixation dot presented for 1 s fol-

lowed immediately by presentation of the stimulus (with 5 arcmin point diameter).

Participants moved a red point up or down using the up and down arrow keys to indicate the

vertical position of the parabola at the given horizontal location. See S1 Text for more details.

Ethics statement

All participants gave informed consent in accordance with protocol 384/2011 “Commission

cantonale d’éthique de la recherche sur l’être humain”. Participants provided written consent

prior to the experiment.

Supporting information

S1 Text. Derivations and additional details.

(PDF)

S1 Data. The file contains one folder for each participant N 2 {1, . . .11}. Within each folder,

the name of the text file indicates the parameters. The participants 1. . .7 completed four condi-

tions of generative noise σg 2 {0, 0.03, 0.1, 0.4} and the variance parameter was σπ = 0.1. For

example, the file subj1_sig_g = 0.1.txt contains all trials of the first participant with generative

noise σg = 0.1. The participants 8. . .11 completed only one condition: σg = 0.1 and σπ = 0.5.

Since the variance parameter is different from its default value, we indicate it explictely in the
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file name, e.g. subj8_sig_pi = 0.5_sig_g = 0.1.txt. Each data file contains 11 columns. The first

eight columns describe the x and y coordinates of the stimulus points. The last three columns

contain (in that order) the stimulus index j 2 {1, . . .20}, the generating quadratic parameter wj
and the vertical location of the observed response.

(ZIP)
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Subject-level analysis of full data set

In the Main Text, we showed the log likelihood averaged across participants. The subject-level
analysis in Fig A shows that the average represents a good summary statistics, i.e., it is not
dominated by an outlier participant. B-R subject-level for most participants at most experimental
conditions.

An interesting difference between the averaged log likelihood and the individual results is the
performance of MAP-R at σg = 0.03 Fig A (A). For participants 3, 4 and 7, MAP-R and B-Rσ
perform almost as well as B-R. Intuitively, this makes sense: as σg → 0, all models rely fully on
the log likelihood and converge to the same prediction. The onset of this convergence effect
depends on the participant-specific motor noise σm, i.e., when the motor noise becomes the
dominant source of noise. For participants 3, 4 and 7, the convergence of the models is more
evident than for other participants because the former have higher motor noise.

In the experiments shown in Fig A (B - D), ML-R and MAP-R reflect the averaged behaviour
for each subject. B-R clearly outperforms the other models. P-R and B-Rσ perform worse than
B-R for most participants and conditions but win occasionally, i.e., for participant 1 in (B) and
participants 3, 4 and 6 in (C). However, the margin by which P-R or B-Rσ outperform in these
cases is small, and the general ordering of the models is represented well by the averaged
performance. In conclusion, the average across participants provides an informative summary of
the data.

Subject-level analysis of unimodal data set

Here, we report the log likelihood analysis of the unimodal data set for each participant. The
subject-level results confirm the group level results reported in the Main Text: B-R with
sampling generally performs equally well or better than the other models.

The left column in Fig B shows the performance of sampling-based models and the right
column – that of the loss function models. B-R with sampling is used as the baseline in both
cases. In the first and last conditions ((A, B) and (G, H), respectively), the average across the
participants represents the individual results well. Participants 4 and 7 are the only exceptions.
In these conditions, B-R with sampling outperforms the other models strongly.
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Fig A. Subject-level model comparison. Same data as that shown in Fig 3 in the Main Text.
One set of participants (1-7) participated in the main experiment ((A)-(C)) and a different set of
participants (8-11) participated in the experiment reported in (D). With some exceptions, the
average across participants (reported in the Main Text) represents the individual performance
well. Error bars indicate SEM computed across unique stimuli.

At σg = 0.1 (C, D), most models, both sampling and loss-based perform within a close
margin of each other. Only in the case of participant 1 do MAP-R, P-R and the loss-based
models clearly perform worse than the B-R variants. At σg = 0.4 (E, F), a similar pattern
emerges. For most participants, the differences in performance between the models, sampling
and loss-based alike, are small. Given that the stimulus has a high noise level, this is to be
expected to some degree. Only in the case of participant 1 does B-R with sampling clearly
outperform the other models. Meanwhile, in the case of participant 2, the loss-based models
perform much worse than sampling models. Moreover, the performance plot does not provide
strong evidence in favour or against any of the models. In summary, the average across
participants only reflects the behaviour of the majority of the participants. Most exceptions can
be found in the performance of participants 3, 4 and 7. At σg = 0.1, the average is dominated by
a single subject. Despite a higher degree of inter-subjective variability compared to the bimodal
data set, the presented analysis either favours B-R with sampling or provides no strong evidence
favouring any one of the models in particular.

No evidence for substantial learning

We investigated whether participants learn over the course of the experiment. One potential
explanation for learning is that subjects become better at the task over time, i.e., their internal
model conforms more and more closely to the generative model. Another explanation is that
participants improve their performance by repetition, i.e., they memorize the generative parabola
associated to a stimulus (rather than solving the regression problem). To understand better if
these factors played a role, we analysed learning with two different metrics.
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Fig B. Unimodal subject-level model comparison. Same data as that shown in Fig 6 in the
Main Text. Each row represents an experimental condition. (A, C, E, G) Performance based on
samples from the predictive distributions. (B, D, F, H) Performance of the loss function version
of the same models. The presentation is analogous to the presentation in the Main Text. Error
bars indicate the SEM computed across unique stimuli.

The distance between responses and the generative parabola remains constant

For both metrics, we split trials into two halves according to the number of times the same
stimulus had been repeated. For a stimulus repeated 20 times in total, this means that the 10th
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repetition belongs to the first half, even if it occurred late in the experiment. Fig C shows the
distance between the generative parabola and the participants’ responses for all four
experimental conditions. Each marker corresponds to a participant. Markers below the dashed
line indicate learning, i.e., smaller distances to the generative parabola in the second half of
repetitions. We used Bayesian regression to fit a linear model across conditions Fig C (A) and
per condition Fig C (B-E), see Eq (S3). The diagonal line (dashed black that would indicate an
absence of learning lies within the confidence intervals of the model fit (green). Thus, this
metric provides evidence against the presence of learning.

Jumps between modes occur throughout the entire experiment

Since the idea that participants sample from a bimodal distribution is central to this work, we
made the following adaptions to the first metric: for each unique (frozen noise) stimulus, we
counted the number of times that participants’ respsonses oscillated between the upper and lower
mode in the first and second half of presentations. Fig D shows the number of jumps in the first
and second half of repetitions. In the absence of learning, the data should lie on the dashed line
with slope one. We use the same procedure as before to obtain a model with confidence intervals.
In the first condition Fig C (B), the data is centered closely around the origin, i.e. very few jumps
occur. However, this concentration around a single point limits the usefulness of a linear fit. In
the condition σg = 0.1 (C), the linear fit (green) reveals that less jumps occurs in the second half
of the repetitions but jumps remain present throughout the second half. This suggests a mild
form of learning under this condition. In the other two conditions (D, E), the data is compatible
with the assumption that no learning occurs. This metric suggests that a weak form of learning
takes place during the condition σg = 0.1 but not during the other conditions. In particular,
subjects flip between the modes even at later repetitions of the same stimulus. This implies that
the bimodal response distributions do not result from a one time switch between the modes (e.g.,
as a result of learning of the generative parabola) but occur throughout the entire experiment.

Log likelihood performance remains constant

Finally, for qualitative inspection, we report the log likelihood averaged over participants as a
function of repetitions and time bins. The baseline model is Bayesian regression and all models
use sampling as the decision model. For the sake of comparability, we matched the number of
time bins to the number of repetitions by averaging trials associated with one bin. Fig E shows
that performance is constant for most models and conditions. Comparing the left and right
columns to each other, we find no evidence that performance over trials differs from performance
over repetitions. This was expected since the two (repetition number and trial number) are
correlated, e.g. the 20th repetition of a unique stimulus occurs rather late in the experiment.

Neither of the two metrics nor the performance time series offers substantial proof of
learning. Fig D (B-D) in particular shows that the bimodality of responses is present throughout
the course of the experiment. This justifies the assumption used in the analysis in the Main Text
that model performance can be evaluated independently of time.

Linear Bayesian regression fit to learning data

To fit the learning data D = {x̃i, yi}Ni=1 in Fig D and Fig C, we used linear Bayesian regression.
We assumed a Gaussian likelihood:

y = θ1x̃+ θ0 + ση = θTx+ ση, (S1)

where η ∼ N (0, 1), σ is a free parameter and x = (1, x̃). As a prior for the parameter, we used a
Gaussian with mean µ0 = (0, 1) and (initially) diagonal precision matrix I. Then, the posterior
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over θ has precision and mean:

A = I + σ−2
∑
i

xix
T
i

µ = A−1
(
µ0 +

∑
i xiyi∑
i xix

T
i

)
. (S2)

The posterior predictive p(y|x,D, σ2) = N (y;µy(x), σ2
y(x)) has mean and variance:

σ2
y = γσ2

µy = γµTA(A+ σ−2xxT )−1x, (S3)

where γ = (1− xT (σ2A+ xxT )−1x)−1. While the hyperparameters of the prior do not affect
the fit much, the noise level σ2 is crucial for determining the confidence intervals of the fit.
Thus, we determined σ2 numerically as the maximizier of the model evidence.

Experiment

Participants

Seven naive participants (3 females, 4 males, ages 21-27) participated in the main experiment
and four naive participants (all males, ages 21-30) took part in the second experiment. All
participants had normal or corrected-to-normal visual acuity, as measured with the Freiburg
Visual Acuity Test (Bach, 1996). Participants were paid 20 CHF/hour. All participants gave
informed consent in accordance with protocol 384/2011 “Commission cantonale d’éthique de la
recherche sur l’être humain”. Participants provided written consent prior to the experiment.

Apparatus and Stimuli

The experiments were programmed using custom software implemented in MATLAB with the
Psychophysics Toolbox (Brainard, 1997). Stimuli were presented on a gamma-corrected ASUS
VG248QE LCD monitor with a resolution of 1920x1080 (36 pixels/cm) and refresh rate of 120
Hz. Stimuli consisted of four black points (5-arcmin diameter) sampled from the generating
parabola described and jittered vertically with Gaussian noise of standard deviation. On each
trial, the width of the generating parabola was sampled from the prior distribution (as described
in the methods section of the main text).

Participants viewed the display binocularly, and a chin rest stabilized viewing distance at 75
cm from the screen. The origin of the Cartesian coordinate system (50 pixels/unit), according to
which the positions of the stimulus points were defined, was placed at the center of the screen.
Each trial comprised a fixation dot (5 arcmin diameter) presented at the center of the screen for 1
s followed immediately by presentation of the stimulus. Along with the four stimulus points, a
red point of the same size was presented 2 units to the right of the screen center and participants
were instructed to adjust this point up or down using the arrow keys to indicate the y-axis
location at which the generating parabola would pass. Participants were given unlimited time to
make their response.

In order to allow for learning of the prior distribution of the quadratic parameter, feedback
was provided after each trial by overlaying on the stimulus points the generating parabola with a
green line following each response. A 1 s delay (with fixation) preceded the next trial.

Computation of predictive distributions

In order to compute the predictive distributions of B-R, B-Rσ and P-R, we need two sets of
update equations for Gaussians found in any standard text book on statistics (e.g. Bishop (2006)).
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For convenience, we call them inference and extrapolation. Inference represents an update of a
Gaussian prior p(w|µ, σ2) with the likelihood p({yi}4i=1|{xi}4i=1, w, σ

2
g). The result is the

posterior, here indicated by the subscript ρ:

σ−2 → σ−2ρ = σ−2 + σ−2g

4∑
i=1

x4i

µ→ µρ =
σ2
ρ

σ2
µ+

σ2
ρ

σ2
g

4∑
i=1

x2i yi

c→ cρ = c
σρ
σ

exp
(
− µ2

2σ2 +
µ2
ρ

2σ2
ρ

)
, (S4)

where the last equations represents the (unnormalised) change of a mixture coefficient.
The extrapolation equations corresponds to transforming a Gaussian distribution p(w|µ, σ2)

into the predictive distribution at x? via the likelihood term p(y|x?, w, σ2
g). This step corresponds

to the marginalisation over the parameter w. We indicate the predictive by the subscript y:

µy = µx2?

σ2
y = σ2

g

(
1 +

σ2x4?
σ2
g

)
. (S5)

For P-R, we apply Eq (S5) to both components of the prior. For B-R, we apply Eq (S4) to both
components of the prior. Then we use Eq (S5) on both components. Finally, we normalise the
sum of coefficients of the resulting mixture distribution to unity. B-Rσ differs from B-R only in
that the true noise parameter is replaced by the following maximum likelihood approximation:

σ̂2
g =

1

4

4∑
i=1

(yi − wMLx
2
i )

2 with wML =

∑4
i=1 yix

2
i∑4

i=1 x
4
i

. (S6)

The predictive distribution of ML-R is a Gaussian with mean wMLx
2
? and variance σ2

g . The
predictive distribution of MAP-R uses wMAP = arg maxw p(w|D) instead of wML, i.e., the
parameter that maximises the posterior. We obtain this value numerically.

Noisy inference vs Bayesian regression

Here we want to study to which extent a model based on noisy inference could explain our
results. Drugowitsch et al. (2016) showed that human response variability in a categorical
decision task can be attributed to noisy inference rather than noisy decision making or perceptual
uncertainty. In their framework, each type of noise is modelled as a Gaussian with noise level
σsen, σinf and σsel for sensory, inference and selection noise.

We assume that sensory noise σsen plays no role in our task because the 4-dot stimulus is
clearly visible and shown until participants make their decision. Drugowitsch et al. propose that
the inference noise σinf is added to the log likelihood of each category before applying a
sigmoidal decision function to the difference of log likelihoods.

In the context of our task, the categories correspond to the upwards or downwards parabola.
The log likelihoods are:

L± = − 1
2σ2
g

4∑
i=1

(yi − µ±x2i ), (S7)

with the prior mean µ± = ±1. The difference between both log likelihood is:

∆L = 1
σ2
g

4∑
i=1

yix
2
i (µ+ − µ−) = 2

wMLµ+

σ2
g

4∑
i=1

x4i , (S8)
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where we substituted Eq (S6) in the last step. Because of the symmetrical prior, the sign of the
Maximum likelihood estimator determines the sign of the log likelihood difference.

Following Drugowitsch et al. (see their Supplementary Information, Section 2.7), we first use
a cumulative Gaussian as sigmoidal non-linearity for decision making but later replace it by
logistic sigmoidal. The advantage is that the Gaussian expectation over the noise is easily
computed for a cumulative Gaussian Φ but the logistic sigmoidal can be expressed in terms of its
arguments more easily. We encode the decision noise in the sigmoidal function and add the
Gaussian inference noise to both log likelihoods (resulting in a factor

√
2 in the standard

deviation. The probability of selecting the positive parabola is:

ĉ+ := P (+|∆L) =

〈
Φ

(
∆L+

√
2σinfη

σsel

)〉
η∼N (0,1)

= Φ

(
∆L

(σ2
sel + 2σ2

inf)
1/2

)
≈ 1

1 + exp(−β∆L)
, (S9)

where the contributions of both noises and the approximation factor between cumulative
Gaussian and logistic sigmoidal have been summarized in β = π√

6
√
σ2
sel+2σ2

inf

. Assuming

loss-based decision making, the posterior predictive distribution of noisy inference is:

p(r|x,Dj , β) = ĉ+N (r;µ+x
2
?, σ

2
m) + (1− ĉ+)N (r;µ−x

2
?, σ

2
m), (S10)

where x? is the x-location of the line on which the responses is requested and σ2
m represents the

contribution of the motor noise.
Next, we express the mixture coefficient c+ of the positive mode in Bayesian regression in an

analogous form. Recall that the posterior and posterior predictive share the same mixture
coefficient in our experiment. Thus, it suffices to consider the mixture coefficient of the
posterior. The unnormalised mixture coefficient c±ρ for both modes was computed in Eq (S4).
By normalization we have:

c+ =
1

1 + c−ρ /c
+
ρ

=
1

1 + exp(−σ
2
ρ

σ2 ∆L)
, (S11)

where we used that both modes of the prior (as well as the posterior) are the same and that the
prior means satisfy µ+ = −µ−. While the prefactor β in the noisy inference algorithm (see

Eq (S9)) is a model parameter, the prefactor
σ2
ρ

σ2 in Bayesian regression depends weakly on the
current stimulus:

σ2
ρ

σ2
=

1

1 + σ2

σ2
g

∑4
i=1 x

4
i

. (S12)

The predictive distributions of noisy inference regression and Bayesian regression are strikingly
similar. In particular, both models predict a transition from unimodal to bimodal responses as σg
increases. An important difference between the models is that noisy inference relies on fitting the
parameter β to the participants’ responses. The parameter controls how sensitively the transition
depends on σg . In Bayesian regression, a data dependent prefactor takes the role of the prefactor.

A minor difference is the mean and variance of the modes of the predicted response
distribution differ. Bayesian regression uses the posterior mean and variance to make predictions.
In contrast, noisy inference (as shown here) relies on the prior means and the motor noise
determines the variance of the modes.

In summary, despite the similarities between the B-R model and the noisy inference model,
the main difference is that the noisy inference model relies on a free parameter (β) that needs to
be fitted. In order to keep the whole analysis fitting free, we did not include this model in the
model comparison.
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Fig C. Stability of responses in early and late repetitions in terms of distance to the generative
parabola. No substantial learning is observed in the four noise conditions. The x-axis shows
the distance between response and intersection of the x? = 2 line with the generative parabola
δ1 = 2

n 〈
∑n/2
i=1(wjx

2
? − r

(j)
i )〉j computed on the first half of repetitions of repeated stimuli and

averaged. The y-axis shows the analogous quantity computed on the second half of repetitions:
δ2 = 2

n 〈
∑n
i>n/2(wjx

2
? − r

(j)
i )〉j . Dots below the dashed line indicate learning. The fit (green)

is a linear Bayesian regression model with 2-SD as confidence intervals. (A) Fit to data from all
participants and all conditions. (B-E) Individual fit per noise condition. The no-learning
(diagonal black dashed line) condition falls within the confidence intervals (green). Error bars
represent the SEM computed across unique stimuli. (E) The orange error bars are larger because
responses were more variable and the number of repetitions is lower.
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Fig D. Stability of responses in early and late repetitions in terms of mode switching. No
substantial learning is observed in the four noise conditions. The x-axis shows the average
number sign changes of a participant’s response between successive presentations of a repeated
stimulus m1 = 〈

∑n/2−1
i=1 (1 + sign(r

(j)
i r

(j)
i+1))/2〉j. The y-axis shows the analogous quantity

computed on the second half of repetitions: m2 = 〈
∑n/2−1
i>n/2 (1 + sign(r

(j)
i r

(j)
i+1))/2〉j .

Intuitively, m counts the number of jumps between the positive and negative mode. Dots below
the dashed line indicate learning. (A) Fit to data from all participants and all conditions. (B) The
data is centered around the origin (as expected at low noise) such that the linear fit is unreliable.
(C) A reduction in jumps between modes suggests a mild form of learning under the σg = 0.1
condition. (D, E) The number of jumps between the modes does not change substantially
between the first and second halves of repeated stimuli.
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Fig E. Performance over time. Performance, as quantified by the log likelihood with respect to
B-R, averaged across participants, is stable over trials and repetitions. Each row corresponds to
an experimental condition. (A, C, E, G) Performance averaged across stimuli as a function of
repetition. σg = 0.03 has only 10 repetitions because the experiment was split up into two
sessions. (B, D, F, H) Performance as a function of time bin is stable. Number of bins matched to
the number of repetitions on the right. The shaded area represents the SEM across participants.
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ABSTRACT 

Crowding, the impairment of target discrimination in clutter, is the standard situation in 

vision. Traditionally, crowding is explained with (feedforward) models, in which only 

neighboring elements interact, leading to a “bottleneck” at the earliest stages of vision. 

However, classic models cannot explain uncrowding, in which adding flankers can improve 

performance. Global models are needed, but behavioral experiments alone cannot 

discriminate between the models that have been proposed. Here, we use fMRI and dynamic 

causal modeling (DCM) to show that recurrent interactions between all visual areas, 

including the lateral occipital complex (LOC), are crucial in crowding and uncrowding. Our 

results explain the discrepancies in previous findings: in a recurrent visual hierarchy, the 

crowding effect can theoretically be detected at any stage. Beyond crowding, we demonstrate 

the need for models like DCM to understand the complex recurrent processing which most 

likely underlies human perception in general. 
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INTRODUCTION 

Crowding, the degradation of object discrimination in clutter, has traditionally been explained 

by pooling models, where features of the target and flankers are averaged or otherwise 

combined1-3. Pooling is often thought to occur at the earliest stages of vision, i.e., in primary 

visual cortices, and the loss of feature discriminability is considered to be irrecoverable2,4-7. 

While neuroimaging studies of crowding have yielded equivocal results regarding the neural 

locus of crowding, they have all pointed to an early locus, i.e., either V18,9 or V210-12, which 

is consistent with the view of crowding as a “bottleneck” at the earliest stages of vision13,14. 

However, most models of crowding cannot explain uncrowding since they are insensitive to 

global aspects of the stimulus, which is more determinant of crowding than any other 

aspect15-22. For example, performance of a Vernier discrimination task deteriorates when the 

Vernier is surrounded by a square, but this deterioration can be undone by adding further 

squares, a fact which cannot be explained by most models of crowding in which more 

flankers can only deteriorate performance17. Moreover, the exact configuration of the flankers 

matters23, which suggests that perceptual grouping plays an important role in 

crowding16,18,20,24. Similar results have been obtained with Gabors25-29 and other visual 

stimuli30-33, as well as in other perceptual modalities, including haptics34 and audition35.  

Uncrowding demonstrates the inadequacy of local and feedforward models. However, 

rejecting purely feedforward models puts the problem in the much more complex universe of 

feedback models36. A number of feedback models have been proposed6,37-42. These models 

range from lateral interaction models  within one area, e.g., Zhaoping’s V1 recurrent model37, 

through more complex models such as the feedforward Texture Tiling Model that computes 

summary statistics within receptive fields corresponding to those of V26,38-40, to even more 

complex models, e.g., Capsule Neural Networks, which require full object representations 

and recurrent connections from object-related areas to lower visual areas42. Intermediate 

models have also been proposed, e.g. the LAMINART, a two-stage model which includes a 

basic grouping mechanism but no explicit object recognition41. While some models perform 

better than others in their ability to replicate behavioral results of (un)crowding43, we cannot 

definitively discriminate between them using only behavior. This is where the need for 

neuroimaging comes in.  

The methodology adopted by the majority of imaging studies of crowding consists in 

estimating the percent BOLD signal change (PSC) within different visual areas and 

identifying the regions in which the PSC is significantly suppressed in crowded conditions as 
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compared to conditions without crowding. Recent advances in the modeling of the 

interactions between brain regions44, now enable a comprehensive approach, which goes 

beyond the localization of within-region BOLD level attenuation.  For example, dynamic 

causal modeling (DCM) allows us to unearth the complex interplay between brain areas 

underlying the fMRI signal observed during the performance of an experimental task, i.e., the 

effective connectivity. Here, we used DCM to probe the global vs. local and the feedforward 

vs. feedback nature of visual processing in (un)crowding. Besides identifying the specific 

architecture of connectivity in crowding, DCM also made it possible for us to examine the 

excitatory versus inhibitory nature of the connectivity. 

RESULTS 

We recruited twelve participants (6 females, 11 right-handed) with normal or corrected-to-

normal vision. While undergoing fMRI, participants performed a tilt discrimination task on 

circular gratings (1.4 deg diameter) presented at an eccentricity of 4 deg. We used eight target 

gratings in order to elicit a spatially extended BOLD response. The target gratings were 

identical to each other and were rotated either counterclockwise (CCW) or clockwise (CW) 

from the vertical. We conducted a practice session before the experiment proper, during 

which the tilt magnitude of the target gratings was adjusted for each observer individually so 

as to achieve intermediate task difficulty. This observer-specific tilt was used in the fMRI 

experiment. 

The fMRI experiment comprised seven experimental conditions, which differed in terms of 

the configuration of target and flanker gratings (see Figure 1a). For each target condition 

which included flankers, there was a corresponding control condition, with the same flanker 

configuration but without the targets. Observers were asked to indicate the tilt direction 

(CW/CCW) with a button press in the target conditions and to press a button randomly in the 

control conditions.  

We assumed that in cortical regions corresponding to the target locations the PSC in a given 

crowded target condition would correspond to the PSC in the single target condition plus the 

PSC in the corresponding control condition plus the crowding effect:  

PSCcrowded target = PSCsingle target + PSCcontrol + crowding effect      (1) 
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Thus, the purpose behind the control conditions was to isolate the component of the BOLD 

response corresponding to the crowding effect, independent of the configuration of the 

flankers. 

 

Figure 1. Crowding deteriorates behavioral performance; uncrowding ameliorates 

performance. a The four target conditions (single target, 2-flanker target, 4-flanker target, annulus-

flanker target) and three corresponding control conditions with targets absent. b Accuracy of 

responses in each of the 4 target conditions. c Reaction times in correct trials (left) and all trials (right) 

in each of the 4 target conditions. Error bars: standard error of the mean (SEM). Post hoc comparisons 

between conditions: ‘.’ BF10
 ∈ [1,3) – anecdotal evidence in favor of the alternative hypothesis, ‘*’ 

BF10
 ∈ [3,10) – substantial evidence, ‘**’ BF10

 ∈ [10,30) – strong evidence, ‘***’ BF10
 > 30 – very 

strong evidence. d Posterior distributions of the drift rate v. Bayesian hypothesis testing shows that all 

conditions differ strongly from each other (p[v2-flanker < v4-flanker] = 1.00; p[v4-flanker < vannulus-flanker] = 0.98; 

p[vannulus-flanker < vsingle] = 0.90). The color coding in all panels is the same (see frames around stimulus 

displays in panel a and legend in panel d). 
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Behavioral results 

In the crowded condition (2-flanker target), the percentage of correct responses (PC) is much 

lower (group mean: 74.27% ± 2.36%) and reaction times (RT) are much higher (723.94 ms ± 

40.68 ms) than in the single target condition (PC: 89.27% ± 3.16%; RT: 618.96 ms ± 31.23 

ms). The presence of additional flanker gratings in the 4-flanker target condition leads to 

uncrowding, i.e., increased PC (83.65% ± 2.80 %) and decreased RT (708.22 ms ± 38.80 ms). 

Connecting the flankers into annuli further improves performance (PC: 86.98% ± 3.87%; RT: 

659.48 ms ± 31.02 ms). These results (Figure 1b and c) are consistent with previous findings 

that global aspects of a stimulus are crucial in determining crowding magnitude15-22. 

The above results show that response accuracies and reaction times go together, i.e., when PC 

is higher, RT is lower. In order to obtain a single measure of stimulus difficulty, we estimated 

a drift diffusion model (DDM45) using the Python-based HDDM (hierarchical drift diffusion 

model) toolbox46. We built a model which included condition-dependent modulations of the 

threshold a – which accounts for the speed-accuracy trade-off – and drift rate v – 

corresponding to stimulus difficulty. Since we were specifically interested in stimulus 

difficulty, we focus on the drift-rate parameter here (see Supplemental Information for details 

on the threshold parameter a). Results are shown in Figure 1d. 

Similarly to the performance in terms of correct responses, we found the highest drift rate in 

the single target condition (2.42 ± 0.32), followed, in order, by the annulus-flanker (2.03 ± 

0.29), 4-flanker (1.57 ± 0.24) and 2-flanker (1.05 ± 0.21) target conditions. All conditions 

differ strongly from each other. This finding was expected, as drift rate is known to quantify 

difficulty and can likewise be interpreted as an index for the signal-to-noise ratio (SNR) of 

the information processing system.  

Neuroimaging results: crowding attenuates the BOLD response but uncrowding does 

more 

Before conducting the DCM analysis, we first sought to replicate findings from previous 

studies as a point of reference. In a first analysis, we extracted the PSC in the seven 

experimental conditions from regions of interest (ROIs) corresponding to the locations of the 

target gratings in the retinotopically-identified visual regions V1, V2, V3 and V4 and from 

the non-retinotopic lateral occipital complex (LOC), localized in a separate localizer session 

of intact and scrambled images of objects.   
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In accordance with equation (1), we subtracted the PSC in each of the control conditions from 

that of the corresponding crowded target condition. Previous studies have indicated that 

crowding attenuates the BOLD response, with the implicit expectation that low BOLD 

corresponds to low performance and high BOLD to good performance. Although we replicate 

previous results of crowding-related PSC attenuation starting in V2 and following a positive 

gradient from early to late retinotopic visual areas, we find that uncrowding attenuates PSC 

even more (Figure 2a). Thus, it appears that the PSC is not (monotonically) related to the 

level of crowding, contrary to assumptions. 

In order to investigate the patterns in crowding-related BOLD attenuation across ROIs, rather 

than simply comparing crowding and control conditions within ROIs, we subtracted the PSC 

in one condition from the other for all pairs of conditions (Figure 2b). The higher the 

difference in PSC, the greater the level of BOLD amplitude modulation by crowding with 

respect to no crowding and uncrowding with respect to crowding, respectively8. Interestingly, 

a hierarchical pattern emerges in each of the pairwise crowding level indices. Across the first 

four comparisons (i.e., single vs. 2-flanker, single vs. 4-flanker, single vs. annulus-flanker 

and annulus-flanker vs. 4-flanker), V4 reflects the crowded percept better than lower visual 

areas; for uncrowding (i.e., 2-flanker vs. 4-flanker and 2-flanker vs. annulus-flanker), this 

trend is reversed. While the level of crowding-related attenuation in the LOC is higher than 

that in V1 – indicating that the LOC reflects the crowded percept better – the level of 

attenuation is the same or lower than that of the remaining ROIs. This is potentially due to the 

LOC being a largely non-retinotopic area47 and, relatedly, the fact that we used the entire 

LOC for this analysis instead of just the target locations as in the other ROIs, making the PSC 

an average over target- and flanker-related areas. 



7 

 

 

Figure 2. Higher visual areas reflect (un)crowding better than early visual areas. a PSC 

estimates in the conditions-of-interest, i.e., the single target condition and the differences in PSC 

between the 2-flanker, 4-flanker and annulus-flanker target conditions and their respective control 

conditions. Post hoc comparisons between conditions: ‘.’ BF10
 ∈ [1,3), ‘*’ BF10

 ∈ [3,10), ‘**’ BF10
 ∈ 

[10,30), ‘***’ BF10
 > 30. b Pairwise differences in PSC between conditions-of-interest from panel a. 

The first comparison (single vs. 2-flanker) corresponds to the effect of crowding vs. no crowding. The 

second and third comparisons (single vs. 4-flanker and annulus-flanker) correspond to the effect of 

uncrowding vs. no crowding. The fourth comparison (annulus-flanker vs. 4-flanker) corresponds to 

the effect of the connecting flankers into annuli. The final two comparisons (2-flanker vs. 4-flanker 

and 2-flanker vs. annulus-flanker) correspond to the effect of uncrowding vs. crowding. We observe a 

clear hierarchical pattern, with increasing pairwise differences between conditions in the first four 

comparisons and decreasing pairwise differences in the last two comparisons, as one ascends the 

visual hierarchy. c The pairwise between-condition PSC differences from the different ROIs were 

used to predict the drift rate. We compared the ROI-based models against a null model, which only 

included a group intercept, using the Bayes Factor (BF). Across almost all pairwise comparisons, 
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either the V4 or LOC model performs best and substantially better than the null model. Error bars: 

SEM. The color coding in panels b and c is the same (see legend in panel b).  

One of the weaknesses of the PSC analysis approach of most studies – which we replicated 

above – is that it only considers the group averaged differences between the crowding 

conditions. Aiming to unearth the causes behind this result and to draw a direct link between 

neural and behavioral measures, in a second analysis we used a within-subject approach. We 

conducted a model comparison to determine which ROI could best explain the behavioral 

performance estimated by the drift rate. For each pair of conditions and each ROI, we 

estimated a regression model in which the difference in drift rates between the two conditions 

was the dependent variable and the difference in PSC between the two conditions was the 

independent variable. We compared the models for each ROI to a null model which did not 

include any PSC information using the Bayes factor (BF10), i.e., the evidence for the 

alternative hypothesis relative to the null hypothesis.  

We found that across almost all pairwise between-condition comparisons, the model which 

best explained the drift rate data was the one which included the PSC from one of the higher 

visual areas, i.e., V4 or LOC. The one exception was the single vs. 2-flanker comparison, in 

which the V3 model was the winning model, though the LOC model was the second best. In 

the two comparisons between the crowding condition and the uncrowding conditions, the BF 

of the winning models was below 3; thus, the winning models could not be considered 

substantially better than the null model. Hence, early visual areas do not contain substantial 

discriminatory information regarding (un)crowding. In fact, in all but one of the pairwise 

condition comparisons (i.e., single vs. 2-flanker), the V1 model performed at the same level 

as the null model.  

While this last analysis which links PSC to drift rate offers a more complete picture than the 

standard group-level PSC approach, it is still limited by the fact that ROIs are considered 

independently. The visual hierarchy is dynamic and interactive. In order to investigate the 

potential recurrent connections between visual areas, we used DCM, a state-of-the-art 

technique for modeling the neural interactions underlying the signals observed through 

neuroimaging44.   

(Un)crowding is mediated by global, recurrent processing 

Here, we used DCM to determine how the 5 visual ROIs – V1 to V4 and LOC – interact with 

each other during our (un)crowding task. Based on known anatomical connectivity48, in our 
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DCM all visual areas are connected to each other. We created a set of 82 models which 

reflect how strongly the neural interactions between areas are modulated by the stimuli of our 

four main conditions. Using a Bayesian approach, we determined the model which best 

explains the ROI activities at the group level for each condition separately.     

Specifically, we sought to distinguish between models that could be characterized as 

exhibiting local (within ROI) versus global (across ROI) processing and only bottom-up 

(feedforward) versus only top-down (feedback) versus recurrent (both feedforward and 

feedback) connectivity – which we will call ‘processing direction’. Moreover, we wanted to 

determine which ROIs were most important in each condition – which we will call ‘ROI 

involvement’. Altogether, we defined a model space consisting of 82 models varying 

according to 8 levels of ‘processing direction’ and 10 levels of ‘ROI involvement’ (see 

yellow and gray panels, respectively, in Figure 3). The levels of the ‘processing direction’ 

and ‘ROI involvement’ factors were fully crossed. Model 1 corresponds to the full model 

with all possible connections between the 5 ROIs and model 82 corresponds to the null 

model, with no input-dependent modulation of connectivity (see the two panels in the lower 

right of Figure 3). As the final outcome measure of the model comparison, we then computed 

the posterior probability (Pp) for the model families corresponding to the 8 levels of the 

‘processing direction’ (Figure 4a) and the 10 levels of ‘ROI involvement’ (Figure 4b). 



10 

 

 

Figure 3. Model space for the DCM analysis. The model space consisted of 82 models, describing 

the possible architectures of condition-dependent modulation of connectivity (corresponding to the 

DCM.B matrix) between our 5 ROIs (V1 to V4 and LOC). Model architectures varied according to 

two factors: processing direction (yellow columns) and ROI involvement (gray rows). The 

‘processing direction’ factor consisted of 8 levels, defined by the directionality of connections. We 

considered the following directionalities of connections: bottom-up, top-down and self-inhibitory (i.e., 

local connections), as well as different combinations of the three. The ‘ROI involvement’ factor 

consisted of 10 levels, defined by the presence and absence of specified ROIs from the input-

dependent modulation. In order to facilitate interpretation and limit the size of the model space, we 

did not include models that would include an early region like V1 and a higher processing region like 

LOC but not the regions in between. In terms of notation, e.g., ×V1-V3 means that the given model 

does not include any connections targeting or originating from regions V1, V2 or V3. The ‘processing 

direction’ and ‘ROI involvement’ factors were fully crossed.  
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Figure 4. DCM model selection indicates that recurrent processing is implicated in crowding, 

uncrowding and no crowding conditions. a Posterior probabilities (Pp) of the 8 ‘processing 

direction’ model families. The recurrent model family was the winner in all conditions except the 4-

flanker condition, where the top-down family was slightly superior. b Posterior probabilities of the 10 

‘ROI involvement’ model families. The winning model family in all but the single condition was the 

family which included all ROIs except for V1. In the single target condition, the winning family 

included all ROIs. c Condition-dependent modulations of connection strengths, as estimated through 

Bayesian model averaging (BMA) over the 82 models in the model space. BMA averages the 

parameters from the different models and weights them by the models’ posterior probabilities. Only 

those connections with a posterior probability greater than 0.95 are shown. Positive/negative 

connections can be interpreted as excitatory/inhibitory, respectively.  

In all but the 4-flanker condition, the winning ‘processing direction’ model family is either 

the recurrent processing family or the recurrent and self-inhibitory processing family. In the 

4-flanker condition, the winning family is the top-down processing family (Pp = 0.42), 

though it is followed closely by the recurrent processing family (Pp = 0.37). This finding is 

particularly interesting given the potential role of perceptual grouping in uncrowding. The 

fact that the top-down processing family is not more prominent in the annulus-flanker 

condition (Pp = 0.03) could be related to the fact that the flankers in this condition are 

connected into annuli and are thus more readily separable from the target even in lower 
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regions without additional top-down processing as compared to the no crowding condition 

(single target).  

In the single target condition, the winning ‘ROI involvement’ model family is the family 

which contains all ROIs (Pp = 0.77). In all three crowding conditions, the winning model 

family is consistently the family which omits V1. The posterior probability of this model 

family increases successively as uncrowding increases, i.e., it is lowest in the 2-flanker 

condition (Pp = 0.48), higher in the 4-flanker condition (Pp = 0.57) and highest in the 

annulus-flanker condition (Pp = 0.85). While in the uncrowding conditions, the model family 

which includes all ROIs is the runner-up (4-flanker: Pp = 0.41; annulus-flanker: Pp = 0.09), 

in the 2-flanker condition, the runner-up is the model family which includes all regions but 

the LOC (Pp = 0.29). 

We averaged the parameters from the different models, weighting them by the models’ 

posterior probabilities, a procedure known as Bayesian model averaging (BMA49). Figure 4c 

shows the Bayesian model average of connection strengths, at a threshold of Pp > 0.95. The 

resulting networks reflect the Bayesian model family comparisons, with a full recurrent 

network in the single condition, a recurrent subnetwork including regions V2 to V4 in the 2-

flanker condition, a top-down network excluding V1 in the 4-flanker condition and a 

recurrent network excluding V1 in the annulus-flanker condition. The particular strength of 

DCM is that it not only allows model and model family comparisons, but it also provides us 

with estimates of the effective connectivity parameters, representing the connection strengths 

between regions. Thus, we are able not only to identify the system as local or global and 

feedforward or feedback, but also to examine the computational details of the excitatory or 

inhibitory nature of its connections.  

CONCLUSIONS 

The mechanisms governing crowding have been an issue of contention in vision research for 

more than half a century, reflecting the inextricable link between this phenomenon and our 

understanding of visual processing. Most studies of crowding are theory-driven, attempting to 

match models – more or less inspired by the real visual cortical hierarchy – to behavioral 

data. Most of the models proposed thus far have been feedforward and local, a model class 

which is mathematically tractable and relatively homogenous. However, these models – and 

even the majority of global ones – fail when confronted with uncrowding43. Clearly, the 

rejection of local feedforward models is not sufficient in explaining (un)crowding, as the 
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universe of recurrent models is vast. New, data-driven techniques are needed to determine the 

computational details of cortical processing in (un)crowding. Here, we took advantage of 

state-of-the-art methods in neuroimaging analysis to investigate the complex cortical 

interactions underlying crowding through dynamic causal modelling. We provide unique 

empirical evidence of how exactly recurrent processing operates in (un)crowding. Our results 

reveal the modulatory effect of context on recurrent connectivity across the visual cortical 

hierarchy, from low-level to high-level visual areas.  

Previous neuroimaging studies of crowding have taken the approach of comparing percent 

BOLD signal change in crowded and non-crowded conditions and localizing the regions in 

the brain where the difference in PSC is greatest8-12. While they disagree on the exact locus of 

crowding (V1 or V2), all aforementioned studies agree that crowding attenuates the BOLD 

response. As a first analysis, we used this established method and replicated previous results, 

finding that crowding attenuates the BOLD response as early as V2 and that the attenuation 

persists through V3, V4 and LOC (see Figure 2a and b).  

While we were able to replicate previous findings regarding the “neural locus” of crowding, 

the standard approach failed when applied to uncrowding. Following the logic that PSC 

reflects the magnitude of the crowding effect, one would expect to see an increase of PSC in 

the uncrowding conditions relative to the crowding condition. Instead, we found that 

uncrowding further suppressed the BOLD response. This finding suggests that identifying the 

“neural correlates” of crowding and uncrowding is more complex than just looking for a 

reflection of behavioral patterns in BOLD attenuation at the group level. In a second analysis, 

we sought to link PSC with the DDM parameter of drift rate, a proxy for stimulus difficulty, 

at the participant level. Our analysis revealed that the difference between crowding and no 

crowding was best reflected by the signal in V3, followed closely by the LOC. For all other 

pairwise condition comparisons, either V4 or the LOC reflected the stimulus difficulty best. 

This result recalls a recent EEG study of (un)crowding50, where in a Vernier discrimination 

task, the N1 component was suppressed in crowding with respect to uncrowding. 

Interestingly and in accordance with our current findings, this suppression was found to occur 

in a high-level visual area such as the LOC, as revealed through EEG source localization. 

These findings support the notion that higher-level areas determine perceptual grouping and 

send a suppressing or enhancing signal to lower-level ROIs depending on the extent to which 

the target groups with the flankers. 
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Visual processing is dynamic, and so we posit that the standard approach – which relates 

behavioral performance to a static measure of BOLD activation – cannot provide the full 

picture. In our final analysis, we used dynamic causal modeling to explore the crowding-

induced changes in inter-areal effective connectivity. Our results show that recurrence is 

crucial, not only for crowding and uncrowding, but even in the no crowding condition (see 

Figure 4). Moreover, global (between-ROI) processing is vastly more important than local 

(within-ROI) processing. These findings shed light on the possible reasons behind 

discrepancies in previous PSC analyses of crowding: given that recurrent processing is 

crucial, a neural signature of crowding can in theory be detected at any point throughout the 

visual hierarchy.  

While classifying a model as global vs. local and feedforward vs. feedback is a first step, it is 

the computational details of the model – i.e., the specific combinations of excitatory and 

inhibitory connections between stages of processing – which determine its robustness in 

predicting behavioral data36. It is precisely for this reason that methods such as DCM – and 

the Bayesian generative modeling paradigm in general – are so valuable. The DCM 

framework allows us not only to compare models whose architectures are defined to match 

specific hypotheses but also to estimate the computational details of the model in the form of 

the connection strengths between regions. Our findings can be used as a basis for theoretical 

models of crowding, both in terms of information representation (global rather than local) and 

function (feedback rather than feedforward). Moreover, our study paves the way for future 

DCM investigations of crowding, which would generalize our results to other stimulus 

classes and visual paradigms. 

ACKNOWLEDGEMENTS  

We would like to thank Marc Repnow for his technical support and Antoine Lutti for setting 

up the MRI sequences. M.A.J. and M.H.H. are supported by the SNF grant ‘Basics of visual 

processing: from elements to figures’ (176153, http://p3.snf.ch/Project-176153). B.D. is 

supported by the Swiss National Science Foundation (NCCR Synapsy, project grant numbers 

32003B_135679, 32003B_159780, 324730_192755 and CRSK-3_190185) and the Leenaards 

Foundation. LREN is very grateful to the ROGER DE SPOELBERCH and Partridge 

Foundations for their generous financial support.  

http://p3.snf.ch/Project-176153


15 

 

AUTHOR CONTRIBUTIONS 

V.C. and M.H.H. designed the experiments. V.C. collected the data. M.A.J. analyzed the 

data. M.H.H. and B.D. supervised. M.A.J. wrote the original draft of the manuscript. M.A.J., 

M.H.H. and B.D. reviewed and edited the manuscript. 

DATA AND CODE AVAILABILITY 

The behavioral and neuroimaging data, as well as the code used to pre-process and analyze the 

data and to visualize the results, will be available upon reasonable request.  

COMPETING INTERESTS 

The authors declare no competing interests. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



16 

 

REFERENCES 

1. Pelli, D. G., Palomares, M., & Majaj, N. Crowding is unlike ordinary masking: Distinguishing 

feature integration from detection. Journal of Vision 4, 1136-1169 (2004).  

2. Pelli, D. G., & Tillman, K. A. The uncrowded window of object recognition. Nature 

Neuroscience 11, 1129-1135 (2008). 

3. Greenwood, J. A., Bex, P. J., & Dakin, S. C. Positional averaging explains crowding with letter-

like stimuli. Proceedings of the National Academy of Sciences of the United States of America 106, 

13130-13135 (2009).  

4. Strasburger, H., Harvey, L. O., Jr., & Rentschler, I. Contrast thresholds for identification of numeric 

characters in direct and eccentric view. Perception & psychophysics 49, 495-508 (1991). 

5. Strasburger, H. Unfocused spatial attention underlies the crowding effect in indirect form 

vision. Journal of Vision 5, 1024-1037 (2005).  

6. Balas, B., Nakano, L., & Rosenholtz, R. A summary-statistic representation in peripheral vision 

explains visual crowding. Journal of Vision 9, 1-18 (2009). 

7. Rosenholtz, R., Yu, D., & Keshvari, S. Challenges to pooling models of crowding: Implications for 

visual mechanisms. Journal of Vision 19, 1-25 (2019). 

8. Anderson, E. J., Dakin, S. C., Schwarzkopf, D. S., Rees, G., & Greenwood, J. A. The neural 

correlates of crowding-induced changes in appearance. Current Biology 22, 1199-1206 (2012).  

9. Millin, R., Arman, A. C., Chung, S. T., & Tjan, B. S. Visual crowding in V1. Cerebral cortex 24, 

3107-3115 (2014).  

10. Fang, F., & He, S. Crowding alters the spatial distribution of attention modulation in human primary 

visual cortex. Journal of Vision 8, 1-9 (2008). 

11. Bi, T., Cai, P., Zhou, T., & Fang, F. The effect of crowding on orientation-selective adaptation in 

human early visual cortex. Journal of Vision 9, 13 (2009).  

12. He, D., Wang, Y., & Fang, F. (2019). The Critical Role of V2 Population Receptive Fields in Visual 

Orientation Crowding. Current biology 29, 2229-2236.e3.  

13. Levi D. M. Crowding--an essential bottleneck for object recognition: a mini-review. Vision 

research 48, 635-654 (2008).  

14. Whitney, D., & Levi, D. M. Visual crowding: A fundamental limit on conscious perception and 

object recognition. Trends in Cognitive Sciences 15, 160-168 (2011).  

15. Malania, M., Herzog, M. H., & Westheimer, G. Grouping of contextual elements that affect vernier 

thresholds. Journal of Vision 7, 1-7 (2007). 

16. Manassi, M., Sayim, B., & Herzog, M. H. Grouping, pooling, and when bigger is better in visual 

crowding. Journal of Vision 12, 1-14 (2012). 

17. Manassi, M., Sayim, B., & Herzog, M. H. When crowding of crowding leads to uncrowding. 

Journal of Vision 13, 1-10 (2013). 



17 

 

18. Manassi, M., Hermens, F., Francis, G., & Herzog, M. H. Release of crowding by pattern 

completion. Journal of Vision 15, 1-15 (2015). 

19. Herzog, M. H., & Manassi, M. Uncorking the bottleneck of crowding: a fresh look at object 

recognition. Current Opinion in Behavioral Sciences 1, 86-93 (2015). 

20. Herzog, M. H., Sayim, B., Chicherov, V., & Manassi, M. Crowding, grouping, and object 

recognition: A matter of appearance. Journal of Vision 15, 5 (2015). 

21. Herzog, M. H., Thunell, E., & Ögmen, H. Putting low-level vision into global context: Why vision 

cannot be reduced to basic circuits. Vision Research 126, 9-18 (2016).  

22. Herzog, M. H., Sayim, B., Manassi, M., & Chicherov, V. What crowds in crowding? Journal of 

Vision 16, 25 (2016). 

23. Manassi, M., Lonchampt, S., Clarke, A., & Herzog, M. H. What crowding can tell us about object 

representations. Journal of Vision 16, 1-13 (2016). 

24. Hermens, F., & Bell, A. Speeded classification in simultaneous masking. Journal of Vision 14, 6 

(2014). 

25. Livne, T., & Sagi, D. Configuration influence on crowding. Journal of Vision 7, 1-12 (2007).  

26. Saarela, T. P., Sayim, B., Westheimer, G., & Herzog, M. H. Global stimulus configuration 

modulates crowding. Journal of Vision 9, 1-11 (2009).  

27. Yeotikar, N. S., Khuu, S. K., Asper, L. J., & Suttle, C. M. Configuration specificity of crowding in 

peripheral vision. Vision Research 51, 1239-1248 (2011). 

28. Joo, S. J., Boynton, G. M., & Murray, S. O. Long-range, pattern-dependent contextual effects in 

early human visual cortex. Current biology 22, 781-786 (2012). 

29. Robol, V., Casco, C., & Dakin, S. C. The role of crowding in contextual influences on contour 

integration. Journal of Vision 12, 1-18 (2012). 

30. Wolford, G., & Chambers, L. Lateral masking as a function of spacing. Perception & 

Psychophysics 33, 129-138 (1983). 

31. Banks, W. P., & White, H. Lateral interference and perceptual grouping in visual detection. 

Perception & Psychophysics 36, 285-295 (1984). 

32. Põder, E. Crowding, feature integration, and two kinds of “attention.” Journal of Vision 6, 163-169 

(2006). 

33. Louie, E. G., Bressler, D. W., & Whitney, D. Holistic crowding: Selective interference between 

configural representations of faces in crowded scenes. Journal of Vision 7, 1-11 (2007). 

34. Overvliet, K. E., & Sayim, B. Perceptual grouping determines haptic contextual modulation. Vision 

research 126, 52-58 (2016). 

35. Oberfeld, D., Stahn, P., & Kuta, M. Why do forward maskers affect auditory intensity 

discrimination? Evidence from “molecular psychophysics”. PLoS One 9, e99745 (2014). 



18 

 

36. Clarke, A. M., Herzog, M. H., & Francis, G. Visual crowding illustrates the inadequacy of local vs. 

global and feedforward vs. feedback distinctions in modeling visual perception. Frontiers in 

psychology 5, 1193 (2014).  

37. Zhaoping, L. V1 mechanisms and some figure-ground and border effects. Journal of Physiology 

Paris 97, 503-515 (2003).  

38. Freeman, J., & Simoncelli, E. P. Metamers of the ventral stream. Nature Neuroscience 14, 1195-

1201 (2011). 

39. Rosenholtz, R., Huang, J., Raj, A., Balas, B.J., & Ilie L. A summary statistic representation in 

peripheral vision explains visual search. Journal of Vision 12, 14 (2012). 

40. Keshvari, S., & Rosenholtz, R. Pooling of continuous features provides a unifying account of 

crowding. Journal of Vision 16, 39 (2016). 

41. Francis, G., Manassi, M., & Herzog, M. H. Neural dynamics of grouping and segmentation explain 

properties of visual crowding. Psychological review 124, 483-504 (2017). 

42. Doerig, A., Schmittwilken, L., Sayim, B., Manassi, M., & Herzog, M. H. Capsule networks as 

recurrent models of grouping and segmentation. PLoS Computational Biology 16, e1008017 

(2020). 

43. Doerig, A. et al. Beyond Bouma’s window: How to explain global aspects of crowding? PLoS 

Computational Biology 15, 1-28 (2019). 

44. Friston, K. J., Harrison, L., & Penny, W. Dynamic causal modelling. NeuroImage 19, 1273-1302 

(2003).  

45. Ratcliff, R., & McKoon, G. Drift Diffusion Decision Model: Theory and Data for Two-Choice 

Decision Tasks. Neural Computation 20, 873-922 (2008). 

46. Wiecki, T. V., Sofer, I., & Frank, M. J. HDDM: Hierarchical bayesian estimation of the drift-

diffusion model in Python. Frontiers in Neuroinformatics 7, 1-10 (2013).  

47. Grill-Spector, K., Kourtzi, Z., & Kanwisher, N. The lateral occipital complex and its role in object 

recognition. Vision Research 41, 1409-1422 (2001).  

48. Felleman, D. J., & Van Essen, D. C. Distributed hierarchical processing in the primate cerebral 

cortex. Cerebral cortex 1, 1-47 (1991).  

49. Penny, W., Mattout, J., & Trujillo-Barreto, N. Statistical Parametric Mapping: The analysis of 

functional brain images Bayesian model selection and averaging (Elsevier, London, 2006) 

50. Chicherov, V., Plomp, G., & Herzog, M. H. Neural correlates of visual crowding. NeuroImage 93, 

23-31 (2014). 

 

 

 



19 

 

FIGURE LEGENDS 

Figure 4. Crowding deteriorates behavioral performance; uncrowding ameliorates 

performance. a The four target conditions (single target, 2-flanker target, 4-flanker target, 

annulus-flanker target) and three corresponding control conditions with targets absent. b 

Accuracy of responses in each of the 4 target conditions. c Reaction times in correct trials 

(left) and all trials (right) in each of the 4 target conditions. Error bars: standard error of the 

mean (SEM). Post hoc comparisons between conditions: ‘.’ BF10
 ∈ [1,3) – anecdotal evidence 

in favor of the alternative hypothesis, ‘*’ BF10
 ∈ [3,10) – substantial evidence, ‘**’ BF10

 ∈ 

[10,30) – strong evidence, ‘***’ BF10
 > 30 – very strong evidence. d Posterior distributions of 

the drift rate v. Bayesian hypothesis testing shows that all conditions differ strongly from 

each other (p[v2-flanker < v4-flanker] = 1.00; p[v4-flanker < vannulus-flanker] = 0.98; p[vannulus-flanker < 

vsingle] = 0.90). The color coding in all panels is the same (see frames around stimulus 

displays in panel a and legend in panel d). 

Figure 5. Higher visual areas reflect (un)crowding better than early visual areas. a PSC 

estimates in the conditions-of-interest, i.e., the single target condition and the differences in 

PSC between the 2-flanker, 4-flanker and annulus-flanker target conditions and their 

respective control conditions. Post hoc comparisons between conditions: ‘.’ BF10
 ∈ [1,3), ‘*’ 

BF10
 ∈ [3,10), ‘**’ BF10

 ∈ [10,30), ‘***’ BF10
 > 30. b Pairwise differences in PSC between 

conditions-of-interest from panel a. The first comparison (single vs. 2-flanker) corresponds to 

the effect of crowding vs. no crowding. The second and third comparisons (single vs. 4-

flanker and annulus-flanker) correspond to the effect of uncrowding vs. no crowding. The 

fourth comparison (annulus-flanker vs. 4-flanker) corresponds to the effect of the connecting 

flankers into annuli. The final two comparisons (2-flanker vs. 4-flanker and 2-flanker vs. 

annulus-flanker) correspond to the effect of uncrowding vs. crowding. We observe a clear 

hierarchical pattern, with increasing pairwise differences between conditions in the first four 

comparisons and decreasing pairwise differences in the last two comparisons, as one ascends 

the visual hierarchy. c The pairwise between-condition PSC differences from the different 

ROIs were used to predict the drift rate. We compared the ROI-based models against a null 

model, which only included a group intercept, using the Bayes Factor (BF). Across almost all 

pairwise comparisons, either the V4 or LOC model performs best and substantially better 

than the null model. Error bars: SEM. The color coding in panels b and c is the same (see 

legend in panel b). 

Figure 6. Model space for the DCM analysis. The model space consisted of 82 models, 

describing the possible architectures of condition-dependent modulation of connectivity 

(corresponding to the DCM.B matrix) between our 5 ROIs (V1 to V4 and LOC). Model 

architectures varied according to two factors: processing direction (yellow columns) and ROI 

involvement (gray rows). The ‘processing direction’ factor consisted of 8 levels, defined by 

the directionality of connections. We considered the following directionalities of connections: 

bottom-up, top-down and self-inhibitory (i.e., local connections), as well as different 

combinations of the three. The ‘ROI involvement’ factor consisted of 10 levels, defined by 

the presence and absence of specified ROIs from the input-dependent modulation. In order to 

facilitate interpretation and limit the size of the model space, we did not include models that 
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would include an early region like V1 and a higher processing region like LOC but not the 

regions in between. In terms of notation, e.g., ×V1-V3 means that the given model does not 

include any connections targeting or originating from regions V1, V2 or V3. The ‘processing 

direction’ and ‘ROI involvement’ factors were fully crossed. 

Figure 4. DCM model selection indicates that recurrent processing is implicated in 

crowding, uncrowding and no crowding conditions. a Posterior probabilities (Pp) of the 8 

‘processing direction’ model families. The recurrent model family was the winner in all 

conditions except the 4-flanker condition, where the top-down family was slightly superior. b 

Posterior probabilities of the 10 ‘ROI involvement’ model families. The winning model 

family in all but the single condition was the family which included all ROIs except for V1. 

In the single target condition, the winning family included all ROIs. c Condition-dependent 

modulations of connection strengths, as estimated through Bayesian model averaging (BMA) 

over the 82 models in the model space. BMA averages the parameters from the different 

models and weights them by the models’ posterior probabilities. Only those connections with 

a posterior probability greater than 0.95 are shown. Positive/negative connections can be 

interpreted as excitatory/inhibitory, respectively. 
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METHODS 

Participants 

Twelve participants (6 females, 11 right-handed, age range: 18 to 30 years) were recruited for 

the experiment. All participants had normal or corrected-to-normal vision as assessed with 

the Freiburg Visual Acuity test51, i.e., acuity values above 1.0. Participants gave written 

informed consent and were informed that they could discontinue the experiment at any time. 

All experimental procedures complied with the Declaration of Helsinki except for pre-

registration (§35) and were approved by the local ethics committee.  

Stimuli and apparatus 

The experiment was conducted at the MRI-scanning facilities of the Centre Hospitalier 

Universitaire Vaudois (CHUV) in Lausanne. Participants lay in the MRI scanner and looked 

at a screen, placed inside the 60 cm scanner bore, through a mirror (viewing distance: 70 cm). 

A Sony VPL-FH31 projector (size of projected image: 53×30 cm, chosen pixel resolution: 

1920×1080 pixels, refresh rate: 60 Hz) was used to back-project images on the screen. The 

mean background luminance of the screen was 50 cd/m2, achieved through an adjustable 

neutral density filter (reduction approximately 10:1) made of a pair of polarization filters that 

were put on the far end of the waveguide. Participants held a button box and used the index 

and middle fingers of their right hands to push one of two buttons to respond to the stimuli. 

Stimulus generation and response collection were done in MATLAB 9.1 (The MathWorks, 

Inc., Natick, MA) using the Psychtoolbox52 (ver. 3.0.12). 

Subjects were asked to look at a black central fixation dot at all times. Eight circular sine-

wave target gratings (spatial frequency: 2.5 cpd, diameter: 1.4 deg, contrast: 50%; mean 

luminance: 50 cd/m2) were presented at an eccentricity of 4° from the dot (radian angle 

locations from 22.5° to 337.5° with regular intervals of 45°). The gratings were identical to 

each other and were rotated either counterclockwise (CCW) or clockwise (CW) from the 

vertical. We used eight identical target gratings in order to elicit a spatially extended fMRI 

response. Participants were instructed to push the first button (index finger) for CCW gratings 

and the second button (middle finger) for CW gratings. The tilt magnitude was adjusted 

individually in a practice session before the experiment proper so as to achieve intermediate 

task difficulty. The spatial phase was either 0 or π. All combinations of orientations and 

phases were counter-balanced and randomized.  
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The experiment comprised seven experimental conditions (Figure 1a), including four target 

conditions and three corresponding control conditions, which differed between each other in 

terms of the configuration of gratings. In the single-target condition (1), only the eight 

circular target gratings were presented. In the 2-flanker condition (2), 2 additional vertically 

oriented circular gratings were presented radially on either side of each target (“inner” and 

“outer” flanker: diameter 1.4 and 1.3 deg, eccentricity 2.3 deg and 5.7 deg, respectively; the 

same spatial frequency and contrast as the targets). In the 4-flanker condition (3), in addition 

to the “inner” and “outer” flankers, two vertically oriented circular gratings were presented 

on either side of each “outer” flanker in such a way that the “outer” flankers of all eight target 

gratings formed a circle. In the annulus-flanker condition (4), “inner” and “outer” flankers 

were connected into annuli of the same widths as the diameters of flankers in condition (2) 

and located at the same eccentricities. In addition, 3 control conditions (5-7) were presented 

that contained the same flankers as in the target conditions (2-4) but did not contain the target 

gratings. Participants were asked to push a randomly chosen button when they saw one of the 

control conditions. 

Each participant completed 5 sets of 88 trials (20 trials/condition/orientation/spatial phase in 

the target conditions and 20 trials/condition/spatial phase in the control conditions). In each 

trial, the stimulus appeared for 150 ms. The instructions to the participants were to respond as 

accurately as possible but within 1.5 s after stimulus onset. The next stimulus appeared at a 

random stimulus onset asynchrony (SOA) 3±1 s. If no response was made within 1.5 s after 

stimulus onset, the trial was considered invalid and repeated later in the set.  

MRI data acquisition 

MRI data were acquired using a 3 T whole-body MRI system (Magnetom Prisma, Siemens 

Medical Systems, Germany), using a 64-channel radio-frequency (RF) receive head coil and 

RF body coil for transmission. fMRI data for the main experiment and functional localizers 

consisted of partial 2D multi-echo echo-planar imaging (EPI) volumes (3.0×3.0×2.5 mm; 

20% distance factor; 1.98 s repetition time (TR); 30 ms echo time (TE); 90° flip angle). A 

64×64 base resolution was used, with 30 axial slices approximately parallel to the AC/PC line 

covering the occipital and parietal cortices, with a 192 mm field of view (FoV).  A whole-

brain EPI volume was also acquired and used in an intermediate step in the spatial 

registration of the partial functional image with the anatomical image. Slices for all functional 

images were acquired in ascending order. A standard 1.0 mm isotropic T1-weighted 
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MPRAGE sequence (T1w) image was acquired and used as high-resolution anatomical data 

for fMRI data pre-processing. 

LOC localizer 

To localize the object-sensitive area LOC, we showed participants intact and scrambled 

images of objects. A subset of 120 images of objects (280×200 pixels) was selected from the 

SVLO database53 and converted to gray scale. We then scrambled these images by randomly 

shuffling square pieces of 20x20 pixels (only those that contained parts of an object). On top 

of the intact and scrambled images, we superimposed a black grid (1 px wide). 

6 blocks of each type of images were presented in succession (intact, scrambled, intact, etc). 

In each 16 s block, a series of 20 images appeared separated by an empty screen with a 

fixation dot (200 ms stimulus and 600 ms fixation per image). Participants were asked to look 

at the fixation dot. 

Target ROI localizer 

8 contrast-reversing flickering checkerboards were presented at the same locations as the 

target gratings in the main experiment (contrast 100%, spatial frequency 2.5 cpd, temporal 

frequency 6 Hz). 6 blocks with flickering checkerboards (16 s) were interleaved with 6 

blocks of empty screen (16 s). 

Participant performed a fixation task. A small digit ‘9’ appeared at the fixation. Sometimes it 

turned ‘6’ for 170 ms and turned back to ‘9’ (SOA 5±3 s). Participants were asked to push the 

button with their index finger within 1.5 s after digit ‘6’ onset. The task was designed to keep 

participant’s gaze at the fixation point. 

Retinotopic mapping stimulus 

A contrast-reversing flickering checkerboard wedge rotated counterclockwise 8 times with a 

cycle time 30 s (contrast 100%, temporal frequency of flicker 6 Hz). The wedge spanned 22.5 

deg of radial angle and was restricted to eccentricities [0.5 ÷ 12] deg. Checks had 

approximately equal dimensions in the radial and tangential directions and were scaled with 

eccentricity. In the initial position, the wedge pointed upwards (12 o’clock position). The task 

was the same as in the target ROI localizer experiment. 
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Behavioral data analysis 

We used the open-source JASP software54 (Jeffreys’s Amazing Statistics Program; version 

0.13.1.0; https://jasp-stats.org) for a Bayesian repeated-measures ANOVA of the percent 

correct, reaction times in all trials and reaction times in correct trials (three separate 

ANOVAs). For each of the ANOVAs, we compared a model which included a condition 

factor of four levels – corresponding to the single, 2-flanker, 4-flanker and annulus-flanker 

conditions – to a null model which only included a subject factor. Model comparison showed 

that the model which included the condition factor was far superior to the null model in all 

three behavioral measure models (PC: BF10 = 8189.29; RT all: BF10 = 1.59e +6; RT correct: 

BF10 = 6.61e +6). We then conducted post hoc tests on the winning model, comparing the 

behavioral measures between conditions pairwise (Figure 1b and c, Supplementary Table 1). 

Drift-diffusion model 

In the drift-diffusion model, decision-making is seen as a noisy process, with information 

accumulating over time from a given starting point z, corresponding to decision bias, towards 

one of two response boundaries, 0 and a. The distance a between the two boundaries a is 

referred to as the threshold and corresponds to the speed/accuracy trade-off. Information 

accumulates at a drift rate of v, a proxy for stimulus difficulty or the quality of evidence 

present in the stimulus. The model also includes a variable corresponding to the non-decision 

time t, i.e., the time before information starts accumulating, related to perception and 

movement initiation and execution.  

We used the Python-based HDDM (hierarchical drift diffusion model) toolbox for a 

hierarchical Bayesian estimation of the joint posterior distribution of model parameters46. 

HDDM allows for a hierarchical Bayesian estimation of the posterior distributions of model 

parameters based on the observed single-trial behavior, i.e., reaction times and responses 

(correct vs. incorrect). The hierarchical nature of this approach rests in the simultaneous 

estimation of group and subject parameters, with subject parameters assumed to be drawn 

from the group distribution. Such an approach necessitates a smaller number of trials per 

subject and condition than do non-hierarchical methods. The use of a Bayesian framework 

naturally lends itself to hierarchical modeling. Moreover, the Bayesian approach enables the 

estimation of the full posterior, giving information about the uncertainty of parameter 

estimates in addition to their most likely values. HDDM approximates the posterior 

distributions of DDM parameters using Markov Chain Monte Carlo (MCMC) sampling. We 
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generated 10,000 samples and discarded 1,000 samples as burn-in. In order to verify that the 

models had converged, we inspected the traces of model parameters, their autocorrelation and 

calculated the R-hat (Gelman-Rubin) statistics.  

We first assessed the validity of our model’s assumptions (drift rate and threshold both 

modulated by the crowding condition – model va), comparing it against two nested models: 

one in which only drift rate was modulated by the experimental condition – model v – and the 

other, in which only threshold was modulated by condition – model a. We conducted model 

comparison of these three models using the deviance information criterion (DIC). The DIC is 

a measure which is used to compare complex hierarchical Bayesian models55. Like in the 

case of Akaike's information criterion (AIC), the lower the DIC the better the model, taking 

into account both model fit and complexity. Generally, a difference in DIC values between 5 

and 10 corresponds to a substantial difference between two models, while a difference of 

more than 10 is decisive evidence in the favor of the model with the lower DIC.  

The DIC values for models va, v and a were -414.97, -371.34 and -164.84, respectively. 

Thus, the model containing condition-dependent modulation of both drift rate and threshold 

was found to be the winning model. In order to ascertain whether DDM parameter estimates 

differed between conditions, we compared the posterior distributions corresponding to each 

pair of conditions using Bayesian hypothesis testing. Given that condition-specific estimates 

can only be interpreted in conjunction with the estimates of the intercept, we compared the 

parameter’s overall intercept (asingle/vsingle) to the sums of asingle/vsingle and the corresponding 

condition’s intercept (a2-flanker/v2-flanker, a4-flanker/v4-flanker and aannulus-flanker/vannulus-flanker for the 2-

flanker, 4-flanker and annulus-flanker target conditions, respectively). Since we were 

interested in the parameter representing stimulus difficulty, we only show the drift rate results 

in the main text (Figure 1d). The threshold results can be found in the Supplementary 

Information (Supplementary Figure 1). 

MRI data pre-processing and univariate analysis 

Imaging data pre-processing, statistical analysis and dynamic causal modeling were done 

using the statistical parametric mapping (SPM) software package (SPM12, Wellcome Trust 

Centre for Neuroimaging, London, UK, http://www.fil.ion.ucl.ac.uk) in MATLAB 9.1 (The 

MathWorks, Inc., Natick, MA). The fMRI data consisted of 8 experimental sessions, i.e., (1-

5) the 5 sessions of the main experiment, (6) the LOC localizer session, (7) the target ROI 

localizer session and (8) the retinotopic mapping session. The first 5 volumes of each of the 
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experimental sessions were discarded to control for magnetic saturation effects. The 

remaining functional images were spatially realigned to the mean of the whole time-series 

using rigid-body transformations to correct for head motion. A B0 field map image, acquired 

during the session, was used to correct for EPI geometric distortions. We then performed 

slice timing correction, using the first acquired slice as the reference, and intensity bias 

correction. The anatomical (T1w) image was co-registered first to the whole-brain fMRI in an 

intermediary step and then to the mean fMRI volume using mutual information. Finally, the 

images from the LOC and target localizer sessions were smoothed with a 4-mm full-width-at-

half-maximum Gaussian kernel. We did not normalize the images to standard MNI space, but 

instead kept the images in each subject’s native space. 

First-level analysis consisted of three separate general linear models (GLMs), corresponding 

to (1) the main experiment, (2) the LOC localizer and (3) the target localizer. In the main 

experiment GLM, we included a separate regressor for each of the 4 target conditions – single 

target, 2-flanker target, annulus-flanker target, 4-flanker target – and each of the 3 control 

conditions – 2-flanker control, annulus-flanker control, 4-flanker control. The corresponding 

seven regressors modelled conditions as events (0 s duration) and timed them according to 

the presentation of visual cues. We specified a separate T-contrast for each of the 7 

experimental conditions, as well as two F-contrasts – one for the 4 target conditions and 

another for the 3 control conditions. 

In the LOC localizer GLM, we included two regressors – one for intact and one for 

scrambled images. The regressors modelled the two conditions as 200 ms duration blocks, 

timed according to the image presentation. We specified a T-contrast for intact compared to 

scrambled images. 

Finally, in the target localizer GLM, we included a single regressor which modelled the time 

of presentation of the 8 flickering checkerboard target gratings. The regressor consisted of 6 

blocks of 16 s duration. We specified a T-contrast for the presence of target gratings. 

In each of the three GLMs, the time-series in each voxel was high-pass filtered at 1/128 Hz to 

remove low-frequency drifts, and regressors were convolved with a canonical hemodynamic 

response function. The GLM parameters were estimated using the classic SPM approach of 

Restricted Maximum Likelihood (ReML). The main experiment GLM results were further 

used for the percent signal change analysis and dynamic causal modeling. The LOC and 

target localizer GLM results were used to define target ROIs. 
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Retinotopic mapping 

Cortical reconstruction was performed on the co-registered T1w image using FreeSurfer’s 

recon-all function56 (FreeSurfer software package version 6.0, 

http://surfer.nmr.mgh.harvard.edu/). Retinotopic mapping was done using the SamSrf 6 

toolbox for population receptive field (pRF) modelling57. The procedure included projecting 

the pre-processed retinotopic mapping fMRI data onto the cortical surface and then fitting a 

standard Gaussian 2D pRF model to the data. While our wedge-only stimulus did not allow 

for an estimation of eccentricities or pRF size, we were only interested in the polar angle 

maps. Based on reversals in the polar angle map, we manually delineated our regions of 

interest (ROIs): V1, ventral and dorsal V2 (V2v/d, respectively), V3v/d and V4. ROI labels, 

defined on the cortical surface, were then converted back to volume space as binary masks. 

Masks from right and left hemispheres as well as from ventral and dorsal regions were 

combined. 

This is the only part of the analysis which was carried out in Linux (all other analyses were 

done in Windows). 

Target ROI definition procedure 

We created the target ROIs by applying a statistical threshold to the SPM at the output of the 

contrast defined on the target localizer GLM. Statistical values in SPMs can vary 

considerably between subjects – due to different levels of noise, different values of BOLD 

signal amplitudes, etc. – and we wanted to ensure specificity in our identification of target-

responsive voxels. Thus, we used a subject-specific statistical thresholding procedure, basing 

the thresholds on the expected size of the targets’ cortical representations.  

For visual ROIs V1 to V4, we defined target-location ROIs based on the target localizer 

GLM. Instead of setting a standard statistical threshold for all participants, we instead ranked 

the voxels according to the corresponding T-statistic and retained a set number. We set this 

voxel cutoff number according to the expected size of the cortical representation of the 8 

target gratings in V1. At the target eccentricity of 4°, the cortical magnification factor is 

expected to be between 3 and 4 mm/degree58. Given the stimulus diameter of 1.4°, an average 

cortical thickness of 2.5 mm and the 3.0×3.0×2.5 mm voxel resolution of the fMRI images, 

the cortical representation of the 8 target gratings should amount to between approximately 

10 and 20 voxels. Since the striate cortex can vary in size by as much as a factor of two 

between individuals59, we set the voxel cutoff number to between 10 and 50. Thus, for each 
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subject, the procedure consisted of the following: (1) start with a statistical threshold of p = 

0.001, (2) find the intersection between the thresholded target localizer SPM, the V1 binary 

mask found through retinotopic mapping and the negation of the thresholded main 

experiment SPM corresponding to the F-contrast over control conditions (p = 0.01 

uncorrected, cluster extent-based threshold = 10), (3) count the number of voxels at the 

intersection described in (2); if less than 10, increase the p-value threshold; if greater than 50, 

decrease the p-value threshold. The final p-value threshold identified on V1 was then used for 

the given subject’s remaining ROIs (V2 – V4). For two participants, this procedure yielded 

an empty target V4 ROI. In order not to exclude them from the analysis, we set the threshold 

to p = 0.05 in these two instances. 

In the case of the LOC, our ROI was based solely on the LOC localizer described in the MRI 

Data Acquisition section above. We did not refine the ROI further to target-specific voxels 

because the LOC is known to be a largely non-retinotopic area47. In order to create the LOC 

ROI, we applied a subject-specific statistical threshold to the SPM at the output of the LOC 

localizer GLM so that the number of voxels surviving the threshold lay between 50 and 200.  

For each target ROI, time series were extracted as the first eigenvariate of the BOLD time 

series from the main experiment, adjusted for effects of interest, i.e., the F-contrast over the 

target conditions. The extracted time series were used for the DCM analysis. 

PSC analysis 

We used the main experiment GLM to quantify activation magnitudes in PSC in each 

experimental condition using the Marsbar toolbox60 (http:// marsbar.sourceforge.net). 

For each subject, each ROI and each experimental condition, we estimated the maximum of 

the absolute value of the first eigenvariate of the BOLD response (‘abs max’ option in 

Marsbar). The raw PSC results can be found in the Supplementary Information 

(Supplementary Figure 2). We then subtracted the PSC in the control conditions from the 

corresponding target conditions, in accordance with equation (1) (Figure 2a).  

We analyzed the PSC in the conditions of interest using a Bayesian repeated-measures 

ANOVA with two factors, condition and ROI in JASP. The condition factor had 4 levels, one 

for each experimental condition, and the ROI factor had 5 levels, one for each ROI (V1 to V4 

and LOC). We compared a series of 4 models with different combinations of main effects and 

interaction of the two factors to a null model which only included a subject factor. Model 
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comparison showed that the model which included main effects of condition and ROI was the 

winning model and was far superior to the null model in all three behavioral measure models 

(BF10 = 1.355e +24). 

In order to determine the between-condition differences within each ROI, we followed up the 

above analysis with separate repeated-measures ANOVAs for each ROI separately. Here, we 

included a single between-subject factor: condition. For all five ROIs, the model that 

included the condition factor was far superior to the null model which only included a subject 

effect. We conducted pairwise between-condition post hoc tests for each ROI model (Figure 

2a, Supplementary Table 2). 

In a complementary analysis, we subtracted the PSC in each of the conditions of interest from 

that of every other condition, pairwise. Our goal with this analysis was to explore the patterns 

of BOLD attenuation due to (un)crowding across ROIs (Figure 2b). 

To draw a direct link between neural and behavioral measures, we conducted a model 

comparison to determine which ROI’s PSC could best predict the DDM parameter of drift 

rate. In JASP, we estimated a series of Bayesian linear regression models61, one for each pair 

of conditions and each ROI separately using local empirical Bayesian (EB-local) priors62. 

The response variable consisted of each participants’ difference in drift rates between the two 

conditions, while the dependent variable consisted of the differences in PSC between the two 

conditions for each participant in the given ROI. For each of these models, we also tested a 

corresponding null model that did not contain any information about the PSC. We compared 

the non-null models to the corresponding null model using the Bayes factor (BF10), i.e., the 

evidence for the alternative hypothesis relative to the null hypothesis (Figure 2c). 

Dynamic causal modeling 

Dynamic causal modeling estimates the effective connectivity between regions in a brain 

network44. A generative Bayesian model links the hidden neural states within the nodes – i.e., 

regions – of the network and their interactions with the signal observed with fMRI. Inverting 

this model gives us the parameter estimates corresponding to the connectivity between 

regions, including (1) the latent connectivity between the nodes of the network, i.e., the 

intrinsic connections among regions in the absence of input (the DCM.A matrix); (2) task-

dependent modulation of connectivity between nodes  (DCM.B); (3) the driving input 

(DCM.C). We constructed a series of DCMs including our 5 visual ROIs. We defined the 

latent connectivity between the ROIs to be a fully connected network, based on the known 
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anatomical connectivity in macaques48. The direct driving effects of the input were set to 

target V1.  

As in most DCM studies, our hypothesis pertained to the architecture of the task-dependent 

modulation of connectivity (DCM.B). For each of the four experimental conditions, we 

sought to distinguish between models with architectures that could be characterized as 

exhibiting local (within ROI) versus global (across ROI) processing and only bottom-up 

(feedforward) versus only top-down (feedback) versus recurrent (both feedforward and 

feedback) connectivity. Moreover, we wanted to determine which ROIs were most important 

in each condition. Thus, we defined a model space consisting of 82 models, whose 

architectures varied according to two factors: processing direction – with 8 levels – and ROI 

involvement – with 10 levels (see yellow and gray panels, respectively, in Figure 3). The 

levels of the ‘processing direction’ and ‘ROI involvement’ factors were fully crossed. 

Model 1 corresponds to the full model with all possible connections between the 5 ROIs and 

model 82 corresponds to the null model, with no input-dependent modulation of connectivity 

(see the two panels in the lower right of Figure 3). 

We used the parametric empirical Bayes (PEB) framework for DCM, which consists of a 

hierarchical Bayesian linear model over connectivity parameters63-65. We first estimated the 

full DCM model for all subjects using the spm_dcm_peb_fit() function, which alternates 

between estimating individual DCMs and estimating group effects. The group effects are then 

used as (empirical) priors in the following iteration to constrain subject’s connectivity 

estimates, thus drawing subject-level estimates out of local optima towards the group 

average. We then specified a GLM design matrix in order to estimate a group-level PEB 

model over connectivity parameter estimates. In this case, we were only interested in the 

group mean, so our design matrix consisted of an array of ones. Using the spm_dcm_peb() 

function, we fit the model to the DCM.B connectivity parameters.  

We then used Bayesian model reduction to estimate the remaining models (2 to 82) in our 

model space. To determine which models best explain the data, we used Bayesian model 

selection (see Supplementary Figure 3). We also conducted Bayesian model family selection 

over families of PEB models. More specifically, we conducted two model family selections, 

one for the ‘processing direction’ factor (Figure 4a) and the other for the ‘ROI involvement’ 

factor (Figure 4b), comparing among the PEB models which corresponded to the different 

levels of these factors. Posterior probabilities (Pp) of the models or model families were used 
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to determine the winning model(s). Finally, we used Bayesian model averaging (BMA) to 

obtain the weighted average of parameter estimates across all 82 models. The weights 

correspond to the posterior probabilities of the corresponding models49,66. 
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Supplementary Table 1. Post-hoc test results on condition factor for behavioral measures 

percent correct, reaction times (all trials) and reaction times (correct trials). These results are 

visualized in Figure 1B & C in the main text. 

 condition 1 condition 2 
Prior 

Odds 

Posterior 

Odds 
BF 10, U error % 

p
er

ce
n

t 
co

rr
ec

t 

single  annulus-flanker 0.414 0.172 0.415 0.022 

   4-flanker 0.414 0.474 1.144 0.010 

   2-flanker 0.414 575.132 1388.491 1.126e -6 

annulus-flanker  4-flanker 0.414 0.398 0.961 0.012 

   2-flanker 0.414 24.681 59.585 1.190e -6 

4-flanker  2-flanker 0.414 28.964 69.924 6.519e -6 

re
a
ct

io
n

 t
im

es
 (

a
ll

) 

single  annulus-flanker 0.414  3.611  8.717  4.329e -5  

   4-flanker 0.414  217.999  526.296  5.842e -6  

   2-flanker 0.414  309.124  746.291  8.392e -7  

annulus-flanker  4-flanker 0.414  20.421  49.299   8.219e -6  

   2-flanker 0.414  10.864  26.228 2.992e -5  

4-flanker  2-flanker 0.414  0.704  1.699 0.002  

re
a
ct

io
n

 t
im

es
 (

co
rr

e
ct

) single  annulus-flanker 0.414  6.155  14.859  3.093e -5  

   4-flanker 0.414  352.247  850.399  3.675e -8  

   2-flanker 0.414  2989.028  7216.153  2.321e -9  

annulus-flanker  4-flanker 0.414  16.954  40.930  1.831e -5  

   2-flanker 0.414  9.370  22.622  2.924e -5  

4-flanker  2-flanker 0.414  0.290  0.701  0.004  

 

Note.  The posterior odds have been corrected for multiple testing by fixing to 0.5 the 

prior probability that the null hypothesis holds across all comparisons1. Individual 

comparisons are based on the default t-test with a Cauchy (0, r = 1/sqrt(2)) prior. The 

"U" in the Bayes factor denotes uncorrected values.  
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Supplementary Figure 1. Posterior distributions of the threshold a drift-diffusion model 

parameter, corresponding to condition-specific modulations. The group mean of the 

threshold was highest in the 4-flanker condition (1.44 ± 0.08), followed by the annulus-

flanker (1.43 ± 0.09), 2-flanker (1.38 ± 0.07) and single target (1.38 ± 0.10) conditions. A 

large threshold value indicates that the observer has a conservative response criterion, i.e., the 

system requires more discriminative information to make a decision2. Naturally, reaction 

times are higher when the threshold is large, but at the same time, accuracy is greater, as 

random fluctuations are less likely to elicit incorrect responses. Since we were specifically 

interested in stimulus difficulty in our experiment, we did not consider the threshold 

parameter further. 

Supplementary Table 2. Post-hoc test results on condition factor for PSC in each of the 

five ROIs. These results are visualized in Figure 2A in the main text. 

 condition 1 condition 2 
Prior 

Odds 

Posterior 

Odds 
BF 10, U error % 

V
1
 

single  annulus-flanker 0.414 0.123  0.296  0.021  

   4-flanker 0.414 27.677  66.818  4.484e -6  

   2-flanker 0.414 1.364  3.294  0.001  

annulus-flanker  4-flanker 0.414 0.985  2.379  0.004  

   2-flanker 0.414 0.296  0.714  0.004  
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4-flanker  2-flanker 0.414 46.243  111.641  2.377e -5  
V

2
 

single  annulus-flanker 0.414  0.446  1.078  0.010  

   4-flanker 0.414  35.499  85.702  1.668e -5  

   2-flanker 0.414  17.305  41.779  1.724e -5  

annulus-flanker  4-flanker 0.414  1.647  3.976  0.002  

   2-flanker 0.414  0.336  0.811  0.002  

4-flanker  2-flanker 0.414  1.042  2.515  0.003  

V
3
 

single  annulus-flanker 0.414  1.662  4.013  0.002  

   4-flanker 0.414  14.929  36.043  2.412e -5  

   2-flanker 0.414  3.258  7.867  3.577e -5  

annulus-flanker  4-flanker 0.414  5.741  13.861  3.284e -5  

   2-flanker 0.414  0.239  0.577  0.005  

4-flanker  2-flanker 0.414  9.402  22.699  2.926e -5  

       

       

V
4
 

single  annulus-flanker 0.414  0.893  2.156  0.005  

   4-flanker 0.414  97.778  236.057  1.846e -7  

   2-flanker 0.414  2.013  4.859  1.339e -4  

annulus-flanker  4-flanker 0.414  12.181  29.407  2.928e -5  

   2-flanker 0.414  0.122  0.293  0.021  

4-flanker  2-flanker 0.414  58.733  141.794  1.918e -5  

L
O

C
 

single  annulus-flanker 0.414  0.575  1.388  0.009  

   4-flanker 0.414  378.724  914.321  1.301e -7  

   2-flanker 0.414  14.060  33.943  2.622e -5  

annulus-flanker  4-flanker 0.414  7.447  17.979  2.835e -5  

   2-flanker 0.414  0.265  0.640  0.005  

4-flanker  2-flanker 0.414  4.327  10.445  4.369e -5  

 

Note.  The posterior odds have been corrected for multiple testing by fixing to 0.5 the 

prior probability that the null hypothesis holds across all comparisons1. Individual 

comparisons are based on the default t-test with a Cauchy (0, r = 1/sqrt(2)) prior. The 

"U" in the Bayes factor denotes uncorrected values.  
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Supplementary Figure 2. Raw PSC estimates in the seven experimental conditions. Error bars 

correspond to the standard error of the mean (SEM).  

 

Supplementary Figure 3. DCM model selection results for each of the four experimental 

conditions. Posterior probabilities (Pp) of all 82 models in the model space. In the single 

target condition, the three models with the highest Pp were, in order, model 26 (Pp = 0.42), 

model 1 (Pp = 0.30) and model 71 (Pp = 0.13). The two former models included modulation 

of all 5 ROIs, while the latter model omitted only V1. All three models included recurrent 
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connectivity, with models 1 and 71 additionally including self-inhibitory connections. In the 

2-flanker condition, the three winning models were model 27 (Pp = 0.25), model 71 (Pp = 

0.22) and model 74 (Pp = 0.17). The former two models omitted connections targeting to and 

originating from V1, while the latter omitted the LOC. As in the case of the single target 

condition, all three models included recurrent connectivity, with the latter two models 

additionally including self-inhibitory connections. In the 4-flanker condition, the three 

winning models were model 34 (Pp = 0.22), model 21 (Pp = 0.21) and model 22 (Pp = 0.16). 

The first and last of these models omitted V1, while the second included all ROIs. While the 

first model included recurrent connections as in the other conditions, the latter two models 

included only top-down connections. Finally, in the annulus-flanker condition, the three 

winning models were model 27 (Pp = 0.50), model 71 (Pp = 0.27) and model 26 (Pp = 0.06). 

The former to models omitted V1, while the latter model included connections between all 

ROIs. As in the single and 2-flanker conditions, the three winning models all contained 

recurrent connections, with model 71 additionally including self-inhibitory connections. 
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