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a b s t r a c t 

The organization of the human brain remains elusive, yet is of great importance to the mechanisms of integrative 

brain function. At the macroscale, its structural and functional interpretation is conventionally assessed at the 

level of cortical units. However, the definition and validation of such cortical parcellations are problematic due 

to the absence of a true gold standard. We propose a framework for quantitative evaluation of brain parcella- 

tions via statistical prediction of connectomics data. Specifically, we evaluate the extent in which the network 

representation at the level of cortical units (defined as parcels) accounts for high-resolution brain connectivity. 

Herein, we assess the pertinence and comparative ranking of ten existing parcellation atlases to account for func- 

tional (FC) and structural connectivity (SC) data based on data from the Human Connectome Project (HCP), and 

compare them to data-driven as well as spatially-homogeneous geometric parcellations including geodesic par- 

cellations with similar size distributions as the atlases. We find substantial discrepancy in parcellation structures 

that well characterize FC and SC and differences in what well represents an individual’s functional connectome 

when compared against the FC structure that is preserved across individuals. Surprisingly, simple spatial ho- 

mogenous parcellations generally provide good representations of both FC and SC, but are inferior when their 

within-parcellation distribution of individual parcel sizes is matched to that of a valid atlas. This suggests that 

the choice of fine grained and coarse representations used by existing atlases are important. However, we find 

that resolution is more critical than the exact border location of parcels. 
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. Introduction 

The vast complexity of the human brain Braitenberg and

chüz (1991) ; Murre and Sturdy (1995) and the incomplete and

oisy measurements available through neuroimaging modalities re-

uire a pragmatic approach to the analysis of the human con-

ectome Hagmann (2005) ; Sporns et al. (2005) . Segregation into

natomical or functional units provides interpretable and, in princi-

le, noise-reduced network nodes whose inter-connections approxi-

ate the brain’s organizational structure Bullmore and Sporns (2009) ;

porns (2012) . Much research is underway to delineate the structural

nd functional organization of the human brain Arslan et al. (2018) ;

lasser et al. (2016) ; Smith (2013) ; Van Essen et al. (2013b) but it re-

ains unclear which parcellation best accounts for such organization

nd how this is quantified. 

To provide a sound basis for analysis, the nodes provided by

 given parcellation method must be robust across individuals, and

ully represent the local infrastructure, microscopical properties and
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onnectional “fingerprint ” — the unique pattern of inputs and out-

uts Passingham et al. (2002) . For example, when defining cortical re-

ions at the macroscale it has been suggested that specific functions

f the areas, such as connectivity, reproducibility, convergence, multi-

odality, evolutionary coherence, and inter-subject variability, should

ll be taken into account Amunts and Zilles (2015) ; Arslan et al. (2018) .

owever, despite these efforts there still remains a lack of gold stan-

ard evaluation strategies against which any particular parcellation can

e tested. 

The exact method of parcellation employed depends upon the

pplication. Hence a wide variety of parcellation schemes are cur-

ently available. This includes cortical surface morphology (Desikan-

illiany Desikan et al. (2006) , Destrieux Fischl et al. (2004) ,

AL Gong et al. (2009) ; Tzourio-Mazoyer et al. (2002) ), functional

ctivation (Gordon Gordon et al. (2014) , Power Power et al. (2011) ,

eo Yeo et al. (2011) , Baldassano Baldassano et al. (2015) ,

hen Shen et al. (2013) , Craddock Craddock et al. (2012) , Ar-

lan Arslan et al. (2015) ), parcellations derived from structural con-

ectivity (SC) Ambrosen et al. (2014) ; Baldassano et al. (2015) ;
 2021 

ticle under the CC BY-NC-ND license 

https://doi.org/10.1016/j.neuroimage.2021.118170
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neuroimage
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2021.118170&domain=pdf
mailto:mmor@dtu.dk
https://doi.org/10.1016/j.neuroimage.2021.118170
http://creativecommons.org/licenses/by-nc-nd/4.0/


K.J. Albers, K.S. Ambrosen, M.G. Liptrot et al. NeuroImage 238 (2021) 118170 

P  

n  

H  

t  

e  

a  

t  

b  

b  

c  

W  

e

 

t  

q  

t  

a  

G  

a  

n  

p  

d  

w  

n  

d  

e  

H

 

i  

b  

q  

t  

d  

W  

n  

b  

p  

l  

L  

b  

f  

d  

t  

i  

o  

t  

b  

t  

r  

f  

n  

t  

p  

e  

t  

p

 

t  

M  

X  

a  

o  

i  

d  

W  

p

 

a  

a  

m  

d  

p  

r  

t

 

 

 

 

 

2

 

t  

d  

j  

S  

t

2

c

 

i  

S  

i  

w  

d  

s  

v  

s

 

d  

b  

p  

a  

m  

v  

t

 

B  

(  

c  

l  

t  

m  

T  

e  

k  

c  

t  

s  

A  

m  

(  

v  

t

arisot et al. (2016) , and combinations thereof including Brain-

etome Fan et al. (2016) (cortical surface morphology and SC), and

CP _ MMP1.0 Glasser et al. (2016) (function- and structure-related fea-

ures). The various parcellation schemes exhibit considerable differ-

nces, e.g. number of parcels and parcel border locations. It thus remains

 challenge to understand the relationship between different parcella-

ion schemes Bohland et al. (2009) , and no single parcellation appears to

e universally accepted Arslan et al. (2018) . The situation is exacerbated

y studies showing that subsequent graph measures are sensitive to the

hosen parcellation scheme, both for structural Hagmann et al. (2008) ;

u et al. (2019) and functional Arslan et al. (2018) ; Fornito

t al. (2010) ; Zalesky et al. (2010) analyses. 

The differences between parcellations in terms of the size and spa-

ial extent of their cortical units, and also their impact upon subse-

uent analyses, illustrate that it is important to validate their relevance

o the application in question. Whilst reliability is often purported as

 proxy for validation Dornas and Braun (2018) ; Fan et al. (2016) ;

lasser et al. (2016) ; Thirion et al. (2014) , it is not sufficient because

 method can be arbitrarily reliable yet poorly account for brain orga-

ization. In contrast, the use of data on brain organization that is inde-

endent of how a parcellation is derived can in principle permit vali-

ation of a parcellation. Thus, strategies investigating correspondence

ith neuroimaging data on task activation, cytoarchitecture, and myeli-

ation as well as characterizing network topology and their population

ifferences have been considered. See Arslan et al. (2018) for a recent

xtensive review and evaluation of these strategies using data from the

uman Connectome Project (HCP). 

We propose a new alternative evaluation procedure for quantify-

ng the quality of parcellations using statistical prediction based upon

rain connectivity data. In contrast to cluster validity measures that

uantify similarity within the cluster to the similarity of other clus-

ers Arslan et al. (2018) ; Dornas and Braun (2018) or statistical pre-

iction based on feature maps or time-series Thirion et al. (2014) ;

ang et al. (2018) , our proposed approach quantifies how well the

etwork organization is preserved within the representation induced

y a parcellation. In particular, our statistical prediction framework

oses quantification of parcellation quality as a link-prediction prob-

em Ambrosen et al. (2014) ; Andersen et al. (2014) ; Clauset et al. (2008) ;

iben-Nowell and Kleinberg (2007) . A parcellation is thereby assessed

y its ability to characterize brain connectivity data that may derive

rom an orthogonal modality to that from which the parcellation was

efined. In particular, the approach quantifies how well network struc-

ure is preserved in the considered modality by the network organization

nduced by the parcellation. The proposed assessment procedure relies

n 1) the parcellation evaluated being independent of the brain connec-

ivity data used for the evaluation, and 2) that there is no systematic

iases in the brain connectivity data. It can be reasonable to assume

hat some modalities are independent of others, i.e., a parcellation de-

ived from structural data may be independent of connectomes derived

rom functional data and vice versa. However, assuming 2) that there is

o systematic biases in the estimated connectomes is not only difficult

o test but also not expected to hold true in general. Our assessment

rocedure can therefore not be used as a gold standard for objectively

valuating which parcellation representation provides the best charac-

erization of brain organization. However, it can be used to assess which

arcellations best account for a given connectomics dataset. 

Herein, we have used high-resolution SC and FC data from

he Human Connectome Project (HCP) Feinberg et al. (2010) ;

oeller et al. (2010) ; Setsompop et al. (2012) ; Van Essen et al. (2012) ;

u et al. (2012) to validate the suite of ten prominent parcellations avail-

ble from Arslan et al. (2018) . We contrast the predictive performance

f these atlases to spatially-homogeneous clustering procedures includ-

ng the geometric parcellation considered in Thirion et al. (2014) that

o not comply with anatomical information beyond spatial adjacency.

e further contrast performance to geodesic clustering constrained to

arcel size distributions similar to those of the considered atlases. 
2 
The overall aim of this study is to quantify representations that most

dequately account for the organization of high resolution structural

nd functional connectomes obtained from non-invasive MRI measure-

ents. We first verify the predictive validation framework on synthetic

ata in which connectomes are generated according to ground truth

arcellation structures and the predictive evaluation framework used to

ecover the most plausible parcellation. Subsequently, using our predic-

ive validation framework we systematically evaluate: 

• The comparative ranking of existing prominent atlases in accounting

for inter subject SC as well as inter and intra subject FC. 

• The relative performance of data driven parcellations considering

their different levels of resolutions. 

• Performances by simple baseline parcellations obtained from geo-

metric clustering of vertex locations (i.e., uninformed by anatomy,

FC, and SC) considering both Euclidean distances and geodesic dis-

tances accounting for surface structure. 

• The impact of parcel size distributions on performance. 

. Materials and methods 

The MRI data used in the preparation of this work were ob-

ained from the WU-Minn Human Connectome Project (HCP)

atabase ( https://ida.loni.usc.edu/login.jsp ) in the ”500 sub-

ects ” release Feinberg et al. (2010) ; Moeller et al. (2010) ;

etsompop et al. (2012) ; Van Essen et al. (2012) ; Xu et al. (2012) . A

otal of 250 random subjects were used. 

.1. Diffusion imaging, tractography and construction of structural 

onnectivity graphs 

Acquisition parameters are described in full for dMRI

n Feinberg et al. (2010) ; Moeller et al. (2010) ; Setsompop et al. (2012) ;

otiropoulos et al. (2013) ; Xu et al. (2012) , and for the structural scans

n Milchenko and Marcus (2013) , and are listed in brief here. The dMRI

as acquired with a multiband factor of 3, covering 270 directions

istributed over 3 diffusion shells of b-values 1000, 2000 and 3000

 ∕ mm 

2 , plus 18 𝑏 = 0 (non-diffusion weighted) scans. The nominal

oxel size was 1 . 25 mm isotropic. Both 𝑇 1 -weighted and 𝑇 2 -weighted

tructural scans at 0 . 7 mm isotropic resolution were also acquired. 

All pre-processing of the data, including correction for sequence-

ependent artefacts such as eddy-current distortion, was performed

y the ”minimal preprocessing pipeline ” provided by the HCP

roject Glasser et al. (2013) . This included the generation of native pial

nd white-matter surfaces, and their coregistration to a standard vertex

esh. This provides a one-to-one correspondence between the surface

ertices of every subject, and hence permits vertex-wise analysis of trac-

ography results across the HCP population. 

Tractography was performed using a GPU implementation of FSL’s

edpostX Hernández et al. (2013) and ProbtrackX2 Behrens et al.

2007, 2003b) ; Jenkinson et al. (2012) . BedpostX parameters in-

luded a specification of up to 3 fibres per voxel, and a deconvo-

ution model using zeppelins Behrens et al. (2007, 2003b) . Prob-

rackX2 was run in ”matrix3 ” mode, with all voxels in the white

atter (as specified by a structural imaging mask) as seed points.

he GM-WM surface boundary and all subcortical grey-matter vox-

ls were specified as tractography target masks. Streamlines were

ept and entered into the resultant connectivity matrix if they suc-

eeded in traversing opposite directions from a seed voxel and reaching

wo different target surface vertices or subcortical voxels. One thou-

and streamlines were generated from every seed voxel as used in

mbrosen et al. (2014) . The result of tractography is therefore a sym-

etric connectivity matrix of size [( 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑣𝑒𝑟𝑡𝑖𝑐𝑒𝑠 ) +
 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡 𝑠𝑢𝑏𝑐 𝑜𝑟𝑡𝑖𝑐 𝑎𝑙 𝑣𝑜𝑥𝑒𝑙𝑠 )] 2 . In this study, only the surface

ertices are analysed. Thus, SC graphs ( 𝑛 = 59 , 412 vertices) covering

he cerebral cortex of both hemispheres were generated. 

https://ida.loni.usc.edu/login.jsp
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Fig. 1. Illustration of the proposed predictive validation framework. A) The native surfaces of all subjects are co-registered to a standard vertex mesh to obtain 

one-to-one correspondence between the surface vertices of every subject Glasser et al. (2013) . DMRI data: Tractography is performed between all vertices of the 

surface by initialising 1000 streamlines in all white-matter voxels resulting in a weighted symmetric SC network for each subject. fMRI data: pairwise correlation is 

calculated between all vertices. B) The networks are thresholded to obtain binary links (connections in left panel, dots in right panel). C) The considered parcellation. 

D) The training networks are permuted according to the parcellation 𝒛 in question and the aggregated statistics used to define the link densities 𝜼 between and within 

parcels calculated according to the training network. E) The predictive performance is assessed by calculating the predictive performance using these link densities 

defined according to the training network (grey background) to predict the links of the test network (overlaid dots). 
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.2. Construction of resting state functional connectivity graphs 

Resting state functional connectivity data were obtained from the

tructurally denoised ICA-FIX cleaned versions for the 250 subjects. For

urther details see Griffanti et al. (2014) ; Salimi-Khorshidi et al. (2014) ;

mith et al. (2013) . The graphs were formed by averaging the Pear-

on correlation matrix, estimated using both of the sessions that were

cquired for each individual subject. Within each session, data were ac-

uired with both left-right and right-left phase encoding directions, re-

ulting in an averaging of four correlograms per subject, each estimated

rom 1200 time frames. For SC we only consider inter-subject predic-

ion as we have one scan available pr. subject. However, as we have

wo sessions for the functional data we also consider within subject per-

ormance using the estimated functional connectome of the first session

s training data to predict the functional connectome of the second ses-

ion as test data. 

.3. Functional and structural connectomes 

Each subject’s SC and FC graphs were binarised by thresholding at

he value closest to forming a connectivity density of 1%, forming a sym-

etric binary 𝑛 × 𝑛 adjacency matrix 𝑨 such that 𝐴 𝑖𝑗 = 1 and 𝐴 𝑖𝑗 = 0 re-

pectively denotes the existence or absence of a structural or functional

onnection in either direction between 𝑖 and 𝑗. Here 𝑖 and 𝑗 are used to

epresent the nodes at the vertex level. 

.4. The predictive assessment framework 

Fig. 1 outlines the proposed predictive assessment procedure. Input

o the procedure is a parcellation 𝒛 ( 𝑧 𝑖 = 𝑚 indicates that node 𝑖 belongs

o parcel number 𝑚 ) and the SC (or FC) networks of the training and test

ata to be assessed. From the training network, the connectivity density

etween parcel 𝑙 and 𝑚 , defined by 𝜂𝑙𝑚 , is estimated and used to predict

he connectivity structure between parcel 𝑙 and 𝑚 in the test network. 

Let 𝑁 

+ 
𝑙𝑚 

= 

1 
1+ 𝛿𝑙= 𝑚 

∑
𝑖 ≠𝑗 𝐴 ( 𝑡𝑟𝑎𝑖𝑛 ) 𝑖𝑗 

𝛿𝑧 𝑖 = 𝑙 𝛿𝑧 𝑗 = 𝑚 and 𝑁 

− 
𝑙𝑚 

= 

1 
1+ 𝛿𝑙= 𝑚 

∑
𝑖 ≠𝑗 (1 −

 

( 𝑡𝑟𝑎𝑖𝑛 ) 
𝑖𝑗 

) 𝛿𝑧 𝑖 = 𝑙 𝛿𝑧 𝑗 = 𝑚 respectively be the number of (aggregated) links and

on-links in the training networks between nodes in cluster 𝑙 and nodes
3 
n cluster 𝑚 , and 𝛿 is the Kronecker delta function. Assuming that each

ink in the graph is generated independently given the within and be-

ween parcel densities ( 𝜂𝑙𝑚 ), we have that 

 

(
𝑨 

( train ) |||𝜼, 𝒛 ) = 

∏
𝑖>𝑗 

𝜂
𝐴 𝑖 𝑗 
𝑧 𝑖 ,𝑧 𝑗 

(
1 − 𝜂𝑧 𝑖 ,𝑧 𝑗 

)( 1− 𝐴 𝑖 𝑗 ) 
(1) 

= 

∏
𝑙≥ 𝑚 𝜂

𝑁 + 
𝑙𝑚 

𝑙𝑚 
(1 − 𝜂𝑙𝑚 ) 

𝑁 − 
𝑙𝑚 
. (2) 

e will use Bayesian inference in order to robustly infer 𝜂𝑙𝑚 . For the

ernoulli likelihood above the conjugate prior is the beta distribution

efined as 𝐵 𝑒𝑡𝑎 ( 𝛼, 𝛽) = 

Γ( 𝛼+ 𝛽) 
Γ( 𝛼)Γ( 𝛽) 𝜃

𝛼−1 (1 − 𝜃) 𝛽−1 in which Γ( 𝑥 ) is the gamma

unction (which notably for integer values corresponds to the factorial

unction ( 𝑥 − 1)! ). Imposing this conjugate prior we obtain for the pos-

erior distribution 

 ( 𝜂𝑙𝑚 |𝑨 

( 𝑡𝑟𝑎𝑖𝑛 ) , 𝒛 ) = 

𝑝 ( 𝑨 ( 𝑡𝑟𝑎𝑖𝑛 ) |𝜂𝑙𝑚 , 𝒛 ) 𝑝 ( 𝜂𝑙𝑚 ) 
∫ 𝑝 ( 𝑨 ( 𝑡𝑟𝑎𝑖𝑛 ) |𝜂𝑙𝑚 , 𝒛 ) 𝑝 ( 𝜂𝑙𝑚 ) 𝑑𝜂𝑙𝑚 (3) 

= 𝐵 𝑒𝑡𝑎 ( 𝑁 

+ 
𝑙𝑚 

+ 𝛼, 𝑁 

− 
𝑙𝑚 

+ 𝛽) . (4) 

et ⟨𝑥 ⟩ = ∫ 𝑥𝑝 ( 𝑥 ) 𝑑𝑥 denote the expectation of 𝑥 with respect to distri-

ution 𝑝 ( 𝑥 ) and 𝑥 ( 𝑀𝐴𝑃 ) = arg max 𝜂𝑙𝑚 𝑝 ( 𝜂𝑙𝑚 |𝑨 

( 𝑡𝑟𝑎𝑖𝑛 ) , 𝒛 ) denote the (point)

stimate maximizing the posterior. Accordingly, we have 

𝜂
( MAP ) 
lm 

= 

𝑁 + 
lm 
+ 𝛼−1 

𝑁 + 
lm 
+ 𝑁 − 

lm 
+ 𝛼+ 𝛽−2 , 

log 
(⟨𝜂lm 

⟩) = = log 
(
𝑁 

+ 
lm 

+ 𝛼

)
− log 

(
𝑁 

+ 
lm 

+ 𝑁 

− 
lm 

+ 𝛼 + 𝛽

)
, 

og 
(⟨1 − 𝜂lm 

⟩) = log 
(
𝑁 

− 
lm 

+ 𝛽

)
− log 

(
𝑁 

+ 
lm 

+ 𝑁 

− 
lm 

+ 𝛼 + 𝛽

)
, ⟨log (𝜂lm 

)⟩ = 𝜓 

(
𝑁 

+ 
lm 

+ 𝛼

)
− 𝜓 

(
𝑁 

+ 
lm 

+ 𝑁 

− 
lm 

+ 𝛼 + 𝛽

)
, 

log 
(
1 − 𝜂lm 

)⟩ = 𝜓 

(
𝑁 

− 
lm 

+ 𝛽

)
− 𝜓 

(
𝑁 

+ 
lm 

+ 𝑁 

− 
lm 

+ 𝛼 + 𝛽

)
, 

here 𝜓 is the digamma function. Notably, the prior provides robust es-

imates providing non-zero statistics alleviating potential issues of log (0)
nd 𝜓(0) . These parcellation-dependent connectivity statistics are then

sed to predict the SC (or FC) of the test graphs. We presently consider
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hree prominent measures of predictive performance namely area un-

er curve of the receiver operator characteristics Clauset et al. (2008) ;

iller et al. (2009) , predictive log-likelihood ( 𝐿 ) Palla et al., 2014 and

redictive log-loss ( 𝐿𝐿 ) Ambrosen et al. (2013) . Specifically, using AUC,

 , and 𝐿𝐿 we investigate the extent to which the between-parcel den-

ities estimated using the training-graph are able to predict the occur-

ences of links and non-links in the test-graph. Each of these three mea-

ures are outlined below. 

.4.1. Area under curve of the receiver operator characteristic 

A common metric to quantify predictive performance when predict-

ng links in networks is the area under curve (AUC) of the receiver opera-

or characteristics (ROC) curve Clauset et al. (2008) ; Miller et al. (2009) .

he ROC tracks the ratio of false positive (x-axis) and true positive (y-

xis) for changing thresholds of predicting links. Notably, the AUC of

he ROC is invariant to class imbalance as the 𝑥 − and 𝑦 -axis of the ROC

urve respectively are normalized by the total number of non-links and

inks. We use the maximum a posteriori estimate, 𝜼( 𝑀𝐴𝑃 ) , defining the

ost plausible inter-parcel link density as scores for quantifying the

resence or absence of links, and contrast the actual test connectivity

 

( test ) 
ij 

to the corresponding density score obtained from the training net-

ork 𝜂
( 𝑀𝐴𝑃 ) 
𝑧 𝑖 ,𝑧 𝑗 

. Specifically, we impose in the estimate of 𝜂
( 𝑀𝐴𝑃 ) 
𝑧 𝑖 ,𝑧 𝑗 

a uniform

rior 𝛼 = 𝛽 = 1 such that 𝐵𝑒𝑡𝑎 (1 , 1) = 1 . As a result, 𝜂
( 𝑀𝐴𝑃 ) 
𝑧 𝑖 ,𝑧 𝑗 

= 

𝑁 + 𝑧 𝑖 ,𝑧 𝑗 
𝑁 + 𝑧 𝑖 ,𝑧 𝑗 + 𝑁 

− 
𝑧 𝑖 ,𝑧 𝑗 

orresponds to the maximum likelihood of the connectivity density, i.e.,

rg max 𝜂𝑙𝑚 𝑝 ( 𝑨 

( 𝑡𝑟𝑎𝑖𝑛 ) |𝜂𝑙𝑚 , 𝒛 ) . Notably, the AUC score does not rely on log
r 𝜓 functions that need to be estimated robustly which enables the es-

imate for this choice of prior to solely rely on the empirically observed

onnectivity density. An AUC score of 0.5 indicates that the scoring pro-

edure is no better than chance, whereas an AUC score of 1 indicates

hat a threshold value of the scoring procedure exists which provides a

erfect separation of links from non-links in the test graph 𝑨 

( test ) . 

.4.2. Predictive likelihood 

We further consider the predictive log-likelihood ( 𝐿 ). In the analy-

is we impose a non-informative Jeffrey’s prior using 𝛼 = 𝛽 = 0 . 5 (for a

iscussion of choices for the prior see also Zhu and Lu (2004) ). 

 = log 
∏
𝑖>𝑗 

∫ 𝑃 
(
𝐴 
( test ) 
ij 

|||𝜼, 𝐳 )𝑃 (𝜼|||𝐀 

( train ) , 𝐳 
)
𝑑 𝜼 (5) 

 

∑
𝑖>𝑗 

𝐴 
( test ) 
ij 

log 
(⟨𝜂𝑧 𝑖 𝑧 𝑗 ⟩) + 

(
1 − 𝐴 

( test ) 
ij 

)
log 

(⟨1 − 𝜂𝑧 𝑖 𝑧 𝑗 
⟩). (6) 

his quantifies how probable it is to observe the test graph 𝐀 

( 𝑡𝑒𝑠𝑡 ) given

he expected probability of observing links and non-links within and

etween parcels in 𝐳 according to the training graph 𝐀 

( 𝑡𝑟𝑎𝑖𝑛 ) . 

.4.3. Predictive log-loss 

A related measure is the expected log-loss ( 𝐿𝐿 ) in which the expec-

ation is taken with respect to the log-likelihood of the test graph 𝐀 

( 𝑡𝑒𝑠𝑡 ) 

hereby as opposed to the predictive likelihood taking expectations of

he logarithm instead of logarithm of expectations: 

L = ∫ log 

( ∏
𝑖>𝑗 

𝑃 

(
𝐴 
( test ) 
ij 

|||𝜼, 𝐳 )
) 

𝑃 

(
𝜼
|||𝐀 

( train ) , 𝐳 
)
) 𝑑 𝜼 (7) 

= 

∑
𝑖>𝑗 

𝐴 
( test ) 
𝑖𝑗 

⟨log ( 𝜂𝑧 𝑖 𝑧 𝑗 ) ⟩ + (1 − 𝐴 
( test ) 
𝑖𝑗 

) ⟨log (1 − 𝜂𝑧 𝑖 𝑧 𝑗 
) ⟩. (8) 

n the analysis we also here impose a non-informative Jeffrey’s prior

sing 𝛼 = 𝛽 = 0 . 5 . 
As the AUC is only concerned with the relative ranking of links and

on-links it is expected to be more robust to outliers when used for

redictive assessment than the predictive likelihood ( 𝐿 ) and predictive
4 
og-loss ( 𝐿𝐿 ) measures. As the difference between 𝐿 and 𝐿𝐿 stems from

he difference between utilizing the log function as opposed to the 𝜓

unction we expect the behavior of 𝐿 and 𝐿𝐿 to be similar. However,

e expect the 𝐿𝐿 to be more sensitive to outliers, i.e. links occurring in

ow inter-parcel density regions and non-links occurring in high density

egions as log ( 𝑥 ) is less sensitive when compared to 𝜓( 𝑥 ) for small values

f 𝑥 . 

Notably, the predictive framework operates in the space of the full

onnectome. A benefit of this is that the predictive assessment consid-

rs the same data regardless of number of parcels used by the deployed

tlases. Notably, FC is often analyzed from the perspective of average

ithin parcel time courses as opposed to the explicitly created connec-

ome presently considered. However, no such time-courses exist for SC

nd thus it is natural to evaluate SC in terms of the full connectivity

tructure. Typically, FC has been evaluated using various measures of

ithin cluster homogeneity measures vs. between cluster homogeneity

rslan et al. (2018) ; Craddock et al. (2012) . Such homogeneity mea-

ures indeed rely on the evaluation of all the vertices as also used in

he present evaluation rather than considering only the mean-time se-

ies. Importantly, relying solely on the derived mean time series when

valuating performance can be systematically biased by the number of

arcels employed, whereas by considering the data in full such as eval-

ating using the entire connectome naturally enables to contrast the

erformance of parcels differing in their numbers. Furthermore, clus-

er homogeneity measures rely on some measure of similarity whereas

he proposed predictive assessment directly operates on the connectiv-

ty structure of connectomes and thus does not require the specification

f a node similarity measure. Finally, homogeneity measures rely on in

ample estimates whereas the predictive assessment explicitly utilizes

iscrepancies between training and test graphs. 

Importantly, the predictive assessment quantifies the extent to which

he simplified representation in terms of atlas parcels is capable of pre-

erving the connectivity structure of the full connectome. This provides

 means of quantifying how well consistent information in regards to

he full connectome is preserved in the simplified aggregated network

epresentation at the level of parcels. 

.5. Considered brain atlases 

We applied the predictive validation framework on

he precomputed group level parcellations available from

rslan et al. (2018) , which includes atlases based on cortical

urface morphology: Desikan (70 parcels) Desikan et al. (2006) ,

estrieux (150 parcels) Fischl et al. (2004) , AAL (82

arcels) Gong et al. (2009) ; Tzourio-Mazoyer et al. (2002) (inde-

endent of SC and FC). Five based on resting-state fMRI: Gordon (333

arcels) Gordon et al. (2014) , Power (130 parcels) Power et al. (2011) ,

eo (96 parcels) Yeo et al. (2011) , Baldassano (171 parcels de-

ned using the HCP FC data) Baldassano et al. (2015) , Shen (200

arcels) Shen et al. (2013) and atlas based on multiple modalities: Fan

210 parcels) Fan et al. (2016) (cortical surface morphology, FC and

C), Human Connectome Project (HCP) multi-modality parcellation

Glasser, 360 parcels) Glasser et al. (2016) which includes fMRI (both

esting-state and task-based from the HCP), cortical thickness and

yelin mapping. See Arslan et al. (2018) for further details of the

onsidered parcellations. 

.6. Homogeneous vs size-matched geometric parcellations 

We contrasted the atlas performances to two geodesic parcellation

chemes based on agglomerative hierarchical clustering. The geodesic

arcellations were generated using average linkage agglomerative hier-

rchical clustering with the geodesic distance as measure of proximity.

he geodesic distance was given as the shortest path along the corti-

al surface between the vertices of the average surface ( 𝒗 , 𝒗 , ..., 𝒗 ) .
1 2 𝑛 
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hereby parcels are defined solely based on their 3-dimensional Carte-

ian coordinates forming spatially-homogeneous random parcels unin-

ormed by anatomy, SC, or FC. This approach is similar to the geometric

arcellation considered in Thirion et al. (2014) but with the additional

onstraint of accounting for the cortical surface and using agglomerative

ierarchical clustering. This is in contrast to the Euclidean distances and

-means clustering employed in Thirion et al. (2014) and also included

erein (labelled ”Geometric ”), which uses the group level parcellation

vailable from Arslan et al. (2018) . To quantify merits of using geodesics

ccounting for surface structure we included the corresponding agglom-

rative hierarchical clustering using Euclidean distances. The agglom-

rative hierarchical clustering was performed using MATLAB (R2016a,

he MathWorks Inc., Natick, MA, 2000). 

The agglomerative hierarchical clustering procedure produces

arcels of roughly the same size. Thus, in order to assess the influence of

nhomogeneous size distributions used by the considered atlases we fur-

her considered a geodesic clustering in which the cluster size distribu-

ions were similar to the atlases. This was accomplished sorting the sizes

f each parcel within each atlas in descending order and identifying the

rst point in the dendrogram in which the largest cluster was less than

he current largest size parcel of the atlas. These vertices were then as-

igned as corresponding to this atlas parcel and the nodes removed from

he dendrogram. The procedure was then recursed considering the next

rdered largest parcel in the atlas and the remaining nodes in the den-

rogram. This resulted in a parcellation in which each extracted parcel

as smaller than the size matched atlas parcel. The unassigned vertices

ere subsequently assigned neighboring parcels by alternatingly con-

idering parcels absolutely lacking most vertices to reach their target

ize or parcels lacking most vertices as measured relative to their target

arcel size. 

The considered atlases and their corresponding homogeneous and

ize distributed geodesic representations are given in Fig. 2 . Notably,

nd by design, the geodesic geometric parcellation does not comply with

natomy and has a size distribution substantially differing from the at-

ases (red dots in right most panel), whereas the size-matched geodesic

lustering procedure is in close agreement with the size distribution of

he atlases considered (blue dots in the right most panel). 

.7. Data driven parcellations 

Apart from the atlases above we further included data driven group-

ise parcellations based on clustering fMRI time-series given by k-

eans parcellations (K-Means-2) described in Thirion et al. (2014) ,

he N-Cuts procedure of Craddock et al. (2012) (N-Cuts-2), Arslan

roup level parcellation Arslan et al. (2015) , Blumensath group level

arcellation Blumensath et al. (2013) , Bellec group level parcellation

ellec et al. (2006) , and the Ward agglomerative Euclidean clustering

Ward-2) all provided in Arslan et al. (2018) and based on HCP rs-fMRI

ata considering Dataset 1 of the Unrelated 100 in the HCP database (for

urther details see Arslan et al. (2018) ). These data driven parcellations

re defined at multiple resolutions and Fig. 3 specifies their resolutions

vailable as well as parcel size distributions given as boxplots. Notably,

he hierarchical geometric procedures using Euclidean and geodesic dis-

ances admit the evaluation of any resolution level by considering dif-

erent levels of the cuts in the generated dendrograms. We have thus

urther included their representations at all levels of resolutions given

y the above parcellations. Inspecting Fig. 3 we observe that Bellec has

elatively homogeneous parcel sizes which we attribute to a threshold

n allowed size applied in this procedure to avoid overly large parcels

ellec et al. (2006) . 

. Results 

To establish the predictive assessment procedure we first consider a

ynthetic study in which the connectivity structure of the training and
5 
est connectomes are generated in compliance with the atlases. We sub-

equently used the predictive assessment using SC and FC data from the

uman Connectome project. 

.1. Synthetic study 

For each of the ten considered group level atlases of

rslan et al. (2018) we synthetically generated 5 connectomes ac-

ording to an organization complying respectively with each of the

tlases. The data was generated such that the relative probability of

enerating a link between nodes in the two parcels 𝑙 and 𝑚 were

iven by the probability 𝜂𝑙,𝑚 ∼ 𝐵𝑒𝑡𝑎 (0 . 5 , 0 . 5) , i.e. the bimodal arcsine

istribution. Notably, the bimodality provides high support for low

nd high density regions (i.e. 𝜂𝑙,𝑚 close to zero or close to one), thus,

ell reflecting that some regions are highly interconnected whereas

thers have very few connections between them. The five graphs for

he given parcellation 𝑝 were then generated according to the induced

nter-parcel connectivity structure 𝜼( 𝑝 ) , and at an approximate density

f 1% such that the links and non-links between parcels relatively

omplied with the specified link-densities between parcels. The pre-

ictive assessment was then employed iteratively, firstly using the

rst graph as training and second as test, and then secondly using the

econd graph as training and third for test, and so on. Finally the fifth

raph was used as training and the first graph as test. This provided

n total five predictive assessments. When considering the synthetic

atasets generated for parcel 𝑝 , we evaluated the performance of all

arcellations including both the parcellation used to generate the data

nd the parcellations differing from the one used to generate the data.

e further included the geometric parcellation using Euclidean and

eodesic distances employing the same number of parcels as used in

he parcellation used to generate the synthetic dataset. For each of

he 10 atlases we thus generated five connectomes complying with

he respective atlas structure and evaluated the performance of 12

arcellations including the atlas used to generate the data. 

Fig. 4 details the normalized mutual information (NMI) between the

onsidered parcellations as well as the results of the predictive assess-

ent framework on the synthetically generated connectomes averaged

cross the five predictions. NMI is computed as 

MI ( 𝒛 ( 𝑎 ) , 𝒛 ( 𝑏 ) ) = 2 MI ( 𝒛 ( 𝑎 ) , 𝒛 ( 𝑏 ) )∕( H ( 𝒛 ( 𝑎 ) ) + H ( 𝒛 ( 𝑏 ) )) , (9)

here MI ( 𝒛 ( 𝑎 ) , 𝒛 ( 𝑏 ) ) = 

∑
𝑙 

∑
𝑚 𝑃 ( 𝑙, 𝑚 ) log ( 

𝑃 ( 𝑙,𝑚 ) 
𝑃 ( 𝑙) 𝑃 ( 𝑀) ) denotes the mutual

nformation between parcellation 𝒛 ( 𝑎 ) and 𝒛 ( 𝑏 ) where 𝑃 ( 𝑙, 𝑚 ) =
1 
𝑛 

∑
𝑖 𝛿𝑧 ( 𝑎 ) 

𝑖 
,𝑙 
𝛿
𝑧 
( 𝑏 ) 
𝑖 
,𝑚 

. 𝐻 ( 𝒛 ( 𝑥 ) ) = 𝑀 𝐼 ( 𝒛 ( 𝑥 ) , 𝒛 ( 𝑥 ) ) = − 

∑
𝑙 𝑃 ( 𝑙) log ( 𝑃 ( 𝑙)) is the en-

ropy of parcellation 𝑥 such that 𝑃 ( 𝑙) = 

1 
𝑛 

∑
𝑖 𝛿𝑧 ( 𝑥 ) 𝑛 ,𝑙 

. The normalization

nsures NMI is upper bounded by 1. 

Whereas the NMI explicitly quantifies correspondence of the par-

ellations knowing the correct underlying parcellation, the predictive

ssessment uses the observed connectomics data to assess the validity

f parcellations. As such, the predictive assessment in contrast to NMI

s asymmetric as the likelihood changes depending on the parcellation

sed to generate the data. The atlas used to define the organization of

inks and non-links in each connectome (row index) clearly outperforms

he atlases that were not used to generate the connectomes (given by off

iagonal elements) demonstrating that the predictive framework cor-

ectly points to the atlas that best accounts for the connectivity structure

n the data. Interestingly, the homogeneous geodesic and Euclidean par-

ellations identified using agglomerative clustering on the vertex coor-

inates and having the same number of parcels as the underlying atlases

enerally perform on par with the incorrect atlases. Whereas the results

n Fig. 4 is not surprising, they establish that the proposed predictive

valuation framework in the ideal setting when connectomes comply

ith a known ground truth parcellation structure is able to pinpoint the

ost suitable parcellation (i.e., the parcellation that was used to gen-

rate the data). Importantly, not knowing what parcellation generated

he data the predictive evaluation framework can evaluate how plausi-
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Fig. 2. Employed parcellation (left most columns) and the geodesic geometric parcellations extracted using agglomerative hierarchical clustering (mid columns) and 

the procedure to generate parcels of similar sizes to the considered atlases. Right most panel the sorted parcel sizes of the considered atlas (x-axis) plotted against 

the sorted sizes of the geodesic agglomerative (red dots) and geodesic size matched (blue dots) procedures (y-axis). 
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le different parcellations are in terms of accounting for the observed

tructure of links and non-links between the vertices of the connectome.

To further investigate the predictive assessment and the three dif-

erent performance measures AUC, 𝐿 and 𝐿𝐿 we systematically analyze

he influence of subdividing or merging parcels, misaligning vertices

nd changing the prior in Fig. 5 . 

In the top panel of Fig. 5 we generated synthetic datasets according

o the geodesic hierarchical clustering using 100, 250 and 500 parcels

nd investigated performance as function of resolution according to the

eodesic hierarchical clustering. For all the considered predictive per-

ormance measures we observe that they point to the correct resolution

hereas merging parcels appear to have a more detrimental effect than
6 
ubdiving parcels. We further observe that 𝐿𝐿 appears slightly more

ensitive than AUC and 𝐿 . 

In the middle panel of Fig. 5 we investigated the impact of having

% to 20% of vertices misaligned between the training and test graph

hen generating the graphs using 200 parcels based on the geodesic

ierarchical clustering solution. We observe that the predictive perfor-

ance declines as the misalignment increases. The AUC appears robust

o misalignment pointing to a 200 parcel solution as most adequate for

ll levels of misalignment considered. However, we observe that both

 and 𝐿𝐿 completely fails in identifying the correct resolution facing

isalignment of 20% of the vertices and that 𝐿 as opposed to 𝐿𝐿 keeps

ncreasing when using more than 200 parcels when facing 10% mis-
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Fig. 3. Considered data driven parcellations including the agglomerative hierarchical clustering procedures using average linkage considering Geodesic and Euclidean 

distances. x-axis denotes number of parcels and y-axis the size of parcels. The size distribution at each level of number of parcels employed are given as box plots. 

Fig. 4. Synthetic analysis of the predictive assessment procedure. Left most panel, assessment of parcellations using normalized mutual information (NMI) based on 

knowing the true underlying parcellation. Right three panels: The predictive assessment in which the connectivity structure of the observed connectomes 𝐀 

( train ) and 

𝐀 

( test ) generated according to the parcellation structure of each atlas is used to assess the validity of parcellations, respectively considering the AUC, log predictive 

likelihood ( 𝐿 ) and predictive log-loss ( 𝐿𝐿 ). 
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ligned vertices. This points to 𝐿𝐿 performing better than 𝐿 in the re-

listic scenario where all vertices are not perfectly aligned. 

Finally, in the bottom panel of Fig. 5 we investigate the impact of

he choice of prior used for the predictive assessment utilising the Jef-

rey’s prior 𝐵𝑒𝑡𝑎 (0 . 5 , 0 . 5) , a uniform 𝐵𝑒𝑡𝑎 (1 , 1) prior, as well as a weak

rior 𝐵𝑒𝑡𝑎 (0 . 01 , 0 . 99) correctly imposing a network density of 1% and a

tronger 𝐵𝑒𝑡𝑎 (0 . 1 , 9 . 9) prior also imposing a network density of 1% . We

bserve that the predictive assessment for the AUC and 𝐿 appears un-

nfluenced by these choices of priors. Whereas the 𝐿𝐿 appears uninflu-

nced by the choice of the priors 𝐵 𝑒𝑡𝑎 (1 , 1) , 𝐵 𝑒𝑡𝑎 (0 . 5 , 0 . 5) , 𝐵 𝑒𝑡𝑎 (0 . 1 , 9 . 9)
he weak 1% density 𝐵𝑒𝑡𝑎 (0 . 01 , 0 . 99) prior deviates substantially from the

se of the other priors as the number of parcels and thus impact of the

rior increases. Regardless the choice of prior all predictive assessments

onsidered correctly points to the 200 parcel solution. 

.2. HCP structural and functional connectivity networks 

Similar to the synthetic data analyses for the real SC and FC networks

ach subject is used once to predict one other subject’s connectome such

hat subject 1 predicts subject 2, subject 2 predicts subject 3 and so on
7 
uch that subject 250 predicts subject 1. As such, all subjects are used

oth as training and testing once. For the FC analyses we apart from

nter subject predictions also considered intra subject analyses. Here we

sed the rescan of a subject as test data such that each subject’s first

can was used as FC training data to predict the subject’s own rescan FC

ata. Fig. 6 shows the predictive assessment of parcellations applied to

he per-subject FC and SC graphs. 

.2.1. Functional connectivity 

We found as to be expected ( Fig. 6 , upper panels) that the predic-

ive performance was consistently and substantially better when pre-

icting the connectivity structure within subjects (intra FC assessment)

han between subjects (inter FC assessment). Furthermore, for the intra-

ubject predictions, Baldassano was the best performing atlas, followed

y Glasser. Notably, the training procedure used to derive the Baldas-

ano atlas included resting-state fMRI data from the HCP, and the same

ata was also used to inform the generation of the Glasser atlas. For the

ntra-subject predictions we also note that with the exception of N-Cuts-

 all the rs-fMRI informed data driven parcellations, (i.e, Arslan, Blu-

ensath, Bellec, Ward-2 and K-means-2), perform substantially better
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Fig. 5. Investigation of impact of resolution (top row), misalignment (middle row) and choice of prior parameters (bottom row) for the predictive assessment. 

Standard deviation of the mean is not included as shaded region as they are negligible (less than 0 . 05% of the observed values). 
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han the geometric parcellations. However, the geometric parcellations,

i.e. Geometric and Geodesic) generally perform well, and indeed are on

ar or better than most of the atlases, particularly for the intra-subject

redictive assessment. We further observe that the agglomeration based

n geodesic distances performs slightly better than the corresponding

arcellation based on Euclidean distances for the intra-subject analyses.

owever, accounting for the uneven sizes of parcels used by the atlases

blue dots) we observe that the atlases in general (for exceptions see

estrieux and Shen) outperform the size matched inhomogeneous ge-

metric parcellations (black dots). This indicates that the atlas-defined

rade-off in terms of fine-grained and coarse resolutions across the cor-

ex better complies with the functional connectivity structure. For the

nter-subject predictions, the overall predictive performance is substan-

ially lower than the intra-subject predictive performance. Notably, the

redictive performance reaches its maximum at a relatively low number

f parcels ( < 200) for all three predictive performance metrics. One of

he best performing atlas is here also Baldassano and the size-matched

eometric parcellations generally performing worse than the atlases. We

o not for the inter-subject assessment observe consistent differences in

erformance using Euclidean or Geodesic agglomerative clustering. 

.2.2. Structural connectivity 

For the SC graphs ( Fig. 6 , lower panels) we observe that Fan is the

est performing atlas, followed by Gordon. Notably, Fan is the only one

f the employed atlases whose derivation incorporated SC information.

nterestingly, we again observe that the geometric parcellations perform

n par or better than most atlases. However, when accounting for the

neven size distributions of the employed atlases a substantial drop in

erformance is in general observed resulting in worse performance of

he geodesic geometric procedure than the atlases. Again this points to

 favourable trade-off in the employed atlases of how fine and coarse

tructures are positioned along the cortex. Notably, in accounting for SC,

ellec provides the most favourable parcellation across all three predic-

ive measures and across most resolutions. Again we also observe that

eodesic outperforms Euclidean. 

To assess the influence of network thresholding on the predictive as-

essment we in Fig. 7 include an analysis based on a subsample of 25
8 
tructural connectivity graphs. The SC graphs are respectively thresh-

lded at 0 . 5% , 1% , 2% and 4% . We observe that the comparative rankings

f the different parcellations are reasonably preserved across threshold

evels. However, we also observe a substantial impact on the supported

etwork resolutions, in particular, when considering predictive assess-

ent using 𝐿 and 𝐿𝐿 such that increasing the threshold reduces the

upported parcellation resolution. 

. Discussion 

We have presented a validation framework that permits quantitative

ssessment of any given parcellation scheme in the absence of a gold

tandard reference (ground truth parcellation). The framework uses sta-

istical prediction to validate a parcellation by its ability to characterize

he structure of brain connectivity data. Using this framework we eval-

ated several existing parcellations (several based solely upon FC data

ut only one (Fan) based upon SC data), in their ability to character-

ze the organization of FC and SC data from the Human Connectome

roject. 

The synthetic study demonstrated the validity of the predictive

ramework as it correctly identified the correct parcellation used to gen-

rate each connectome. Notably, the predictive assessment could cor-

ectly identify the true atlas from the generated connectomes provid-

ng similar correspondences between parcellations to correspondences

ssessed by normalized mutual information (NMI). Importantly, NMI

equires knowing the true atlas structure as opposed to the predictive

ssessment procedure relying only on having observed the connectomes

nduced by the atlas structure. From the synthetic study it was also ob-

erved that in the absence of the correct parcellation the homogeneous

eodesic parcellation performed on par with many of the atlases not

sed to generate the data. Thus, when incorrectly characterizing the un-

erlying connectivity organization a homogeneous representation pro-

ided a good alternative representation. 

On the real FC and SC data we observed that no atlas representation

s in general superior both for intra and inter subject functional con-

ectivity and structural connectivity at the same time. It is reassuring

hat the atlases based on HCP fMRI data, i.e. Baldassano and Glasser
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Fig. 6. Predictive assessment using FC (top panel) and SC (bottom panel) respectively considering the AUC, log predictive likelihood ( 𝐿 ) and predictive log-loss 

( 𝐿𝐿 ). Shaded regions and error bars denote standard deviation of the mean. (For the results, methods separated by more than 1.25 times their standard deviations can 

be rejected as performing the same at a 5% level (using a one-sided test assuming performances are normally distributed and the ratio between largest and smallest 

standard deviation of the two methods compared are below 2). Black dots are the actual atlases performance and blue dots the performance of the corresponding 

geodesic size-matched parcellation. The vertical gray lines indicate the location of each atlas in terms of resolution (number of parcels) employed. 
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ere both assessed to perform well in accounting for FC. For SC how-

ver, other atlases, namely Fan and Gordon, were assessed to perform

etter. Notably, the Fan atlas, which also employed structural connectiv-

ty during its derivation, was found to perform best. We attribute this to

ifferent biases in the FC and SC data (see also below) and previously re-
9 
orted discrepancies in functional and structural connectivity estimates

reicius et al. (2009) ; Honey et al. (2009) . See also Røge et al. (2017a) ;

uárez et al. (2020) and references therein. Notably, in the recent study

f Messé (2020) structure-function relationship have been found to de-
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Fig. 7. Predictive assessment considering a subset of 25 SC graphs thresholded respectively at 0 . 5% , 1% , 2% and 4% considering the AUC, log predictive likelihood 

( 𝐿 ) and predictive log-loss ( 𝐿𝐿 ). Shaded regions and error bars denote standard deviation of the mean across the 25 predictions. Black dots are the actual atlases 

performance. The vertical gray lines indicate the location of each atlas in terms of resolution (number of parcels) employed. 
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Fig. 8. Assessment using homogeneity considering the synthetic study in which networks are generated according to a parcellation having 100, 250 and 500 parcels. 

Fig. 9. Assessment using homogeneity considering the synthetic study in which networks generated are misaligned by 1%, 5%, 10% and 20% with respect to the 

ground truth parcellation having 200 parcels. 
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end on the parcellation employed, and our results further indicate that

C and FC support different atlas representations. 

The inter-subject structural connectivity predictive assessment had

 substantially higher AUC and predictive likelihood when compared

o the predictive performance of functional connectivity, scoring even

igher than the intra-subject predictions in FC. We attribute this to the

tructural connectivity estimates being more reliable than the functional

onnectivity estimates. We emphasize, however, that performance of

tlases in terms of the predictive scores should be interpreted relatively

nd not absolutely, as the offset (vertical shift) observed between the
11 
C and SC performance is a result of the consistency differences of the

erived FC and SC graphs. Such an offset explains, for example, how

 consistent, yet incorrectly estimated, connectome may be easier to

redict than a noisy but unbiased connectome. 

The geometric parcellations that are uninformed by anatomy, SC and

C performed surprisingly well in general performing better than most

tlases at their corresponding level of resolution. We attribute this to

heir relative homogeneous size distributions as observed in Fig. 2 right

anel as well as Fig. 3 . We investigated the impact of size distribution

y retaining the parcel size distribution, yet with an incorrect repre-
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Fig. 10. Assessment using homogeneity considering a subset of 25 SC graphs thresholded respectively at 0 . 5% , 1% , 2% and 4% . Homogeneity is based on similarity 

defined by Fisher transformed correlation (Fisher), Jaccard ( 𝐽 ) and the Simple Matching Coefficient ( 𝑆𝑀𝐶) respectively. Left three plots are based on averaging 

homogeneity across parcels whereas the rightmost three plots are based on normalizing the overall homogeneity according to parcel size. Shaded regions and error 

bars denote standard deviation of the mean across the 25 predictions. Black dots are the actual atlases performance. The vertical gray lines indicate the location of 

each atlas in terms of resolution (number of parcels) employed. (As two of the SC graphs contained nodes with no links for a threshold level of 0 . 5% these networks 

were discarded and this analysis is based on the remaining 23 SC graphs.) 
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entation of the cortical regions in terms of their underlying network

esolution. We here observed that an incorrect representation of the un-

erlying resolution levels deteriorated performance when compared to

he homogeneous geodesic representation. For the data-driven parcella-

ions we further observed the most favorable performance using Bellec

or the SC and inter-subject FC analyses. Inspecting the size distribution

f Bellec in Fig. 3 we observe Bellec as having very even sized parcels as

ndicated by the in general relative narrow box plots. We thus attribute

he superior performance of Bellec to not using too coarse representa-

ions by avoiding parcels of relatively very large sizes. Taken together

his provide supports, in general, for the importance as to how the res-

lution (relatively large or small parcel sizes) is defined in terms of the

nderlying network organization and when not adequately complying

ith the structure of the connectomes it is favorable to use even sized

arcels. The utility of such homogeneous representations has previously

een reported in the context of structural Hagmann et al. (2008) and

unctional Thirion et al. (2014) MRI data. Finally, we also observed that,

or the SC and intra-subject FC predictions, accounting for the cortical

urface structure using Geodesic distances generally performed better

han the corresponding use of Euclidean distances. 

The recent popularity of data-driven in-vivo parcellation approaches,

s exemplified by Behrens et al. (2003a) ; Bellec et al. (2015, 2006) ;

lumensath et al. (2013) ; Clos et al. (2013) ; Craddock et al. (2013) ;

ickhoff et al. (2015) ; Fan et al. (2016) ; Glasser et al. (2016) ;
12 
hen et al. (2013) ; Thirion et al. (2014) ; Yeo et al. (2011) , high-

ights the growing demand for alternatives to conventional atlases,

.g. Desikan et al. (2006) ; Destrieux et al. (2010) ; Lancaster et al. (2000) ;

ieuwenhuys (2013) ; Nieuwenhuys et al. (2015) ; Tzourio-

azoyer et al. (2002) . However, it is necessary to recall that such

ata-driven methods are primarily uni-modal (though with some excep-

ions, e.g. Fan et al. (2016) ; Glasser et al. (2016) ; Parisot et al. (2017) ),

nd as such their resultant parcellations do not conform to the

raditional definition of cortical areas, where within-area homogene-

ty and inter-area uniqueness are required to be congruent across

he three commonly-employed modalities of structure, function

nd connectivity Amunts and Zilles (2015) ; Felleman and Van Es-

en (1991) ; Van Essen et al. (1992) . While there is much evidence that

oundaries between purported cortical areas are often well-defined

ithin, and congruent across, modalities, this is primarily limited

o the well-investigated sub-cortical, sensory- and motor-regions,

.g. Behrens et al. (2003a) ; Bzdok et al. (2013) ; Eickhoff et al. (2015) ;

elly et al. (2012) . In contrast, the more abstract processing units

n the higher associative areas within the prefrontal, parietal, and to

ome extent the temporal cortices have been challenging to delineate

cross modalities Cerliani et al. (2017) ; Eickhoff et al. (2017, 2015) .

ny uni-modal parcellation can therefore only ”yield maps of the

rain that can be seen as spatial hypotheses on functional or structural

egregation - a hypothesis that may and should be tested by integrative,
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Fig. 11. Assessment using homogeneity in which within parcel similarity is quantified between two graphs 𝐀 

( 𝑡𝑟𝑎𝑖𝑛 ) and 𝐀 

( 𝑡𝑒𝑠𝑡 ) considering a subset of 25 SC graphs 

thresholded respectively at 0 . 5% , 1% , 2% and 4% . Homogeneity is based on similarity between two graphs defined by Fisher transformed correlation (Fisher), Jaccard 

( 𝐽 ) and the Simple Matching Coefficient ( 𝑆𝑀𝐶) respectively. Left three plots are based on averaging homogeneity across parcels whereas the rightmost three plots 

are based on normalizing the overall homogeneity according to parcel size. Shaded regions and error bars denote standard deviation of the mean across the 25 

predictions. Black dots are the actual atlases performance. The vertical gray lines indicate the location of each atlas in terms of resolution (number of parcels) 

employed. (As two of the SC graphs contained nodes with no links for a threshold level of 0 . 5% results including these networks were discarded and the analysis is 

based on 21 pairs of SC graphs.) 
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ulti-modal investigations ” Eickhoff et al. (2015) . The methods and

esults presented herein can be interpreted as a quantitative assessment

f such a parcellation-via-structure hypothesis, revealing how well

otentially modality-independent parcellations predict (and therefore

ossess congruency with) the organization of structural and functional

onnectomes as presently quantified from MRI. 

.1. Number of parcels supported by SC and FC data 

The predictive framework also provides an indication of the level of

esolution that the SC and FC data supports. In particular, we found that

or inter-subject predictive assessment the SC supported a finer resolu-

ion than FC. Currently, there is no consensus or sufficient evidence to

upport how many parcels should be used. Even the authors of the atlas

ith the greatest number of parcels (360) used in this study (Glasser

t al. Glasser et al. (2016) ) state that their parcellation may still un-

erestimate the true number of parcels at the macroscale, as their sub-

ivisioning of areas such as the primary visual cortex are coarser than re-

orted previously Glasser et al. (2016) . Other studies also report higher

luster numbers for data-driven approaches, e.g. Røge et al. (2017b) ;

hirion et al. (2014) for fMRI and our intra-subject predictive assess-

ent based on fMRI also points to the utility of a large number of

lusters. Although the proposed predictive framework can also be used
13 
o quantify the level of resolution best accounting for the connectivity

tructure, care must be taken when interpreting the estimated numbers

f clusters supported by the FC and SC data. As such, we find that it is

ependent upon inter vs. intra subject variability in FC and is likely to

e influenced by the quality and processing of the dMRI and fMRI data

n general. The optimum may also be influenced by biases in the SC and

C data, as discussed below in Sections 4.2 - 4.3 , and be a natural conse-

uence of the presence of fuzzy boundaries due to microstructure gra-

ients between purported cortical regions, more common in the higher

ssociation areas Carmichael and Price (1994) ; Eickhoff et al. (2017) .

hese effects can potentially lead to an incorrect estimate of the number

f functional and structural units. Importantly, we also observe that the

ptimal numbers of parcels depend on metric used for the predictive

valuation. As such, we generally observe that the AUC metric favors

ess parcels than 𝐿 and 𝐿𝐿 that behave very similar. We attribute this

o the 𝐿 and 𝐿𝐿 metrics potentially being driven by outliers. I.e., the

resence of links where the estimated associated probability of observ-

ng links is very low. In contrast, the AUC metric is concerned only about

he relative ranking of the observed links and non-links in terms of the

onnectivity density of the training data and thereby can be considered

ore robust to outliers. On synthetic data we systematically investi-

ated the impact of parcel resolution, misalignment and choice of prior

hen using the three metrics AUC, 𝐿 , and 𝐿𝐿 . We observed that all
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etrics disfavored more strongly the use of few as opposed to too many

arcels and that the 𝐿𝐿 generally was more sensitive than the AUC and

 , whereas the AUC was more robust in particular facing severe mis-

lignments of vertices. Whereas the three predictive measures overall

ehaved similarly they have different inherent trade-offs in terms of

heir sensitivity to resolution, noise (i.e., misalignment), and choice of

rior specification and we thus argue to consider them all when assess-

ng the predictive performance. 

.2. Biases in the surface registration between subjects 

A possible limitation to the results reported herein is the accuracy

f the initial vertex-to-vertex registration framework, as provided by

he HCP pipeline Glasser et al. (2013) . As this is driven by surface

opology Fischl (2012) , there exists the possibility that the subsequent

ertex alignment is biased towards anatomical landmarks (and there-

ore provides atlases based upon surface morphology with an inher-

nt prediction boost). As anatomy may not be an optimal predictor of

C Amunts et al. (1999) ; Amunts and Zilles (2015) ; Devlin and Pol-

rack (2007) , this means that the assumed vertex-to-vertex correspon-

ence may not fully reflect the nature of the SC data. Hence, such a bias

ould exhibit itself as noise in the vertex labeling, which would in turn

ropagate to the adjacency matrix (graph). As a consequence, it would

e more difficult to produce large homogeneous parcels of vertices

hich all possess similar patterns of FC and SC. This would make larger

lusters less likely, and so our predictive framework could therefore

upport an over-parcellation. Advanced vertex registration procedures,

uch as that employed in Glasser et al. (2016) ; Robinson et al. (2014) ,

ay improve matters as the imposed predictive bias will be balanced

etween multiple modalities. On synthetic data we observed the pre-

ictive assessment to be robust to vertex misalignments. However, we

lso observed that substantial misalignment (i.e., 20% of vertices mis-

ligned between training and test graphs) had a detrimental effect on

he performance of 𝐿 and 𝐿𝐿 . 

.3. Modality specific biases 

SC is established from dMRI data by integrating the derived local

stimates of fibre bundle orientations obtained with standard tractog-

aphy methods Behrens et al. (2003a) . However, just as for all other

ethods that estimate connectivity, tractography has its own chal-

enges and limitations, e.g. gyral crown bias Donahue et al. (2016) ;

eveley et al. (2015) ; Van Essen et al. (2013a) , which could af-

ect the precise location of parcel borders, path length dependen-

ies Liptrot et al. (2014) and other factors such as the impact of scan-

ing parameters Ambrosen et al. (2020) which together are known to

mpose unknown levels of Type I and Type II errors on the estimated

onnections Jones (2010) ; Jones et al. (2013) ; Le Bihan et al. (2006) ;

aier-Hein et al. (2017) ; Morris et al. (2008) . These confounds, bi-

ses and shortcomings of tractography are as yet not fully quantifi-

ble due to the lack of a gold-standard reference Dyrby et al. (2018) ;

nösche et al. (2015) , and indeed are not detectable as they will be

resent in both training and test datasets. Previous studies have reported

 compliance between SC (e.g. Wang et al., 2015 ) with other modalities,

hough the extent of such inter-modality congruence is likely to vary

cross the cortex Cerliani et al. (2017) . 

For FC we observe substantial predictive performance differences

etween inter-subject as opposed to intra-subject prediction which

e attribute to substantial inter-subject variability. fMRI is inherently

oisy and influenced by motion artifacts, cardiac and respiratory noise,

hereas the blood oxygen level dependent (BOLD) signal is only an

ndirect measure of neural activity Murphy et al. (2013) . These con-

ounds makes the fMRI signal very noisy and can introduce biases in

oth the derived training and test functional connectomes. In particu-

ar, subject motion is attributed to have a detrimental effect on reliabil-

ty when compared to scanner noise and between session coregistration
14 
orgolewski et al. (2013) . Although preprocessing pipelines attempt to

ddress these confounds they are not perfect and their choices impact

esults Churchill et al. (2012) . 

Unfortunately, no matter which connectivity modality is employed

ithin our prediction framework it will not be able to compensate

or modality-specific biases present in both training and test pop-

lations. However, the framework introduced herein can easily be

xtended to include multi-modality data beyond SC and FC, such

s tracer studies, or histological reconstruction of axonal trajecto-

ies Amunts and Zilles (2015) ; Dyrby et al. (2018) . As demonstrated

y Glasser et al. Glasser et al. (2016) , the incorporation of many inde-

endent data-sources can mollify the effects of their individual biases

nd here parcellations that are performing well across modalities by the

roposed predictive assessment procedure may be less influenced by

odality specific biases. 

.4. Thresholding of FC and SC networks 

As with any graph model of connectivity, false positives and false

egatives will occur as the incorrect presence or absence of links. Herein,

s is common practice Drakesmith et al. (2015) ; Hagmann et al. (2008,

007) , we attempt to remove many of the false positive connections

y thresholding the FC and SC graphs at a threshold of 1% density.

owever, this uniformly-applied strategy also increases the false neg-

tive rate. Unfortunately, whilst the false positive rate can in princi-

le be reduced to zero by increasing the threshold, the minimum false

egative rate, achieved at null thresholding, will be non-zero and can

nly be improved by better data acquisition and processing strategies.

s such, it must be noted that the choice of threshold level determines

he balance between specificity and sensitivity, and no optimal thresh-

ld exists Dyrby et al. (2007) ; Knösche et al. (2015) ; Qi et al. (2015) ;

alesky et al. (2016) . In Ambrosen et al. (2020) we investigated the

nfluence of different thresholds and found that aggregated statistics

onsidering structural connectivity showed robustness to threshold. No-

ably, SC anf FC are likely to have different noise content, thus one

ight expect that to make them equivalent (in terms of SNR) then they

ould need different thresholds. As the computations required for the

onsidered threshold level is massive we presently considered the im-

act of threshold for a subset of 25 SC graphs. Increasing the threshold

mpacts the SNR of the derived connectomes and we observed in partic-

lar for the 𝐿 and 𝐿𝐿 predictive measures that increasing the threshold

ncluding more noisy links resulted in reduced support for many parcels.

owever, the comparative ranking of the parcellations were reasonably

reserved which we attribute to the aggregated statistics of inter-parcel

ensities of the parcellations to be robust. In particular, we found the

UC measure to be more robust to threshold levels which we attribute

o the measure solely relying on the ranking of links and non-links ac-

ording to inter parcel densities. Contrary to the 𝐿 and 𝐿𝐿 measures

hat are influenced by network density the AUC relying on the rate of

alse and true positives are invariant to class-imbalance (i.e., network

ensity). We however observe that the AUC declines as we increase the

hreshold. We attribute this to the graph becoming less predictable and

hus more noisy when increasing the threshold. 

.5. Alternative representations of graphs 

While it is possible to run the analysis on volumetric data we used

he vertex based HCP representation for the assessment of all atlases.

hereas this required volumetric parcels be translated to vertex repre-

entations as done in Arslan et al. (2018) this translation can introduce

oise and obscure parcels thereby make the performance of volumetric

arcels, i.e., Power, Yeo, Fan, Shen, and AAL less favorable. However,

e cannot compare performance assessed using volumetric data to the

erformance using vertex based data as this will change the network

sed for the predictions. We therefore used the vertex based represen-

ation which can give atlases that are vertex based an advantage. 
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An obvious extension to this work would also be the incorpo-

ation of weighted graphs. However, it is often not clear how rel-

vant weightings could be generated. For example for SC graphs

eights could be streamline counts Hagmann et al. (2010a, 2008,

007) ; Honey et al. (2009) , path-based apparent diffusion coeffi-

ient Hagmann et al. (2010b) or fractional anisotropy van den Heuvel

nd Sporns (2011) , none of which has direct correspondence with con-

ection strength Jones et al. (2013) . For functional connectivity the cor-

elation values, or Fisher transformations thereof, could be modelled di-

ectly as proposed in Baldassano et al. (2015) ; Herlau et al. (2012b) cir-

umventing the need of thresholding the graphs. Nevertheless, should

 universally-agreed way of generating weights become wide-spread,

he framework presented herein is fully capable of utilising weighted

raphs when using the predictive likelihood performance metrics. Fi-

ally, whereas a few atlases have included both cortical and sub-cortical

egions (e.g. Power et al. (2011) ; Yeo et al. (2011) ), the aim of this study

ocused on a direct comparison with existing parcellations containing

ortical-only parcels. However, the prediction framework demonstrated

erein is equally applicable to the inclusion of sub-cortical regions. 

The present framework considered connectivity density estimates

etween parcels as the only statistics used for the predictive assess-

ent of connectomes. This model structure assumes that connectivi-

ies across parcels are independent given their connectivity strength,

omplying with the assumptions imposed in classic stochastic block-

odeling Kemp et al. (2006) ; Nowicki and Snijders (2001) ; Schmidt and

ørup (2013) ; Snijders and Nowicki (1997) . We note that the pro-

osed predictive assessment procedure naturally extends to more ad-

anced block-model structures such as the degree-corrected stochas-

ic block-model Herlau et al. (2014) ; Karrer and Newman (2011) and

odels accounting for hierarchical structure Blundell and Teh (2013) ;

lauset et al. (2008) ; Herlau et al. (2012a) ; Roy et al. (2007) . 

As opposed to homogeneity measures relying on in-sample estimates

he predictive assessment procedure considers how network structure

s preserved across training and test graphs. Importantly, subdividing

arcels and in general including more parcels improves upon perfor-

ance as smaller parcels tend to be more homogeneous. Interestingly, as

oted in Arslan et al. (2018) homogeneity typically has the shortcoming

hat inhomogeneous parcellation composed of several small parcels and

ew large parcels will perform better than parcellations homogeneous in

ize distribution. We observe the opposite effect utilizing the proposed

redictive assessment procedure and it thus seem to not exhibit such

iases observed utilizing traditional homogeneity measures. To reduce

uch bias in homogeneity measures it has been proposed to weight ho-

ogeneity by parcel size Arslan et al. (2018) . Notably, the influence of

arcel is directly accounted for in the predictive assessment as larger

arcels contribute more than small parcels in the predictive assessment

s more links and non-links are predicted for the larger parcels. Assess-

ng parcellations using homogeneity considering the synthetic study in

ig. 5 and analysis of a subset of 25 SC graphs in Fig. 7 can be found in

he supplementary material. We here include also a homogeneity analy-

is based on measuring within parcel similarity between two SC graphs.

. Conclusion 

We proposed a predictive assessment procedure that uses connec-

omics data to quantify the validity of brain parcellations. The efficacy

f the procedure was verified on synthetic connectomics data complying

n connectivity structure with prominent brain parcellations. Using FC

nd SC data from the HCP, the assessment procedure provided a com-

arative ranking of parcellations. 

We observed that no parcellations were best across the three con-

ectomics data sets considered (i.e., intra FC, inter FC and inter SC).

otably, we observed that the Baldassano and Fan atlases, which were

xplicitly trained on FC and on SC respectively, were also the best at ac-

ounting for FC and SC. For the data driven parcellations we found that

or the intra FC analyses the data-driven parcellations were more favor-
15 
ble than the geometric parcellations. For inter FC an SC we observed

hat Bellec had the most favorable performance which we attribute to

he homogeneous size distribution employed when here defining the

arcels. Notably, these data-driven parcellations were based on HCP rs-

MRI data thus potentially biased to have favorable performance for

he FC data. However, we also observe good performance of these data

riven approaches when considering SC that does not rely on the rs-

MRI data. We further observed for the intra FC and inter SC analyses

hat geometric parcellations using geodesics accounting for the surface

tructure in general performed better than using Euclidean distances for

he agglomerative clustering procedure. Surprisingly, we found that ho-

ogeneous geometric parcellations generally performed on par or bet-

er than most of the considered atlases despite not relying on anatomy

or HCP rs-fMRI data as the data-driven procedures. However, when ac-

ounting for the inhomogeneity of parcel sizes the atlases generally had

 favorable representation of coarser and finer delineations of structures.

his points to the importance of not using overly large parcels that may

ncorrectly aggregate the connectome and the utility of size constraints

uch as imposed in Bellec. Whereas the procedure pointed to the num-

ers of parcels to use to best account for SC and FC data this depend

n the assessment measure (i.e., AUC or 𝐿 and 𝐿𝐿 ) and is intrinsically

elated to the signal-to-noise ratio of the connectomics data. As such we

bserved the support of substantially more parcels when considering

ntra subject FC assessment as opposed to inter-subject FC assessment. 

In summary, we find that the most suitable parcellation depends on

ata modality and analyses scope, i.e. intra vs. inter-subject analysis. We

urther observe that resolution is important and more so than the specific

eometry of the parcellations in general. We presently validated all the

arcellations using FC and SC data, but the proposed validation frame-

ork is generic and therefore applicable to any other brain connectivity

apping approach. As data-quality, and the number of data-sources and

ata-derived approaches to connectomics, and thereby also parcellation

chemes, will only increase in the future, we foresee that the predic-

ion framework presented herein will prove to be an important tool in

ssessing their quality. 
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