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A Simulation study

In this section we provide a more detailed description of the simulation study
than that given in the main manuscript.

A.1 Setup of simulation study

Two different settings are considered in the simulation study. In the first set-
ting, 3D images with equally sized clusters and, in the second setting, 3D
images with clusters of three different sizes are simulated. All simulated 3D
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images in all simulations are on a cubic grid of 18 x 18 x 18 voxels. Hence,
each simulated 3D image consists of V = 18- 18 - 18 = 5832 voxels.

In a first step, one true parcellation for the first setting and one true
parcellation for the second setting is determined. In both settings the true par-
cellation consists of 27 larger clusters which again split up into two equally
sized smaller clusters. Hereby, all these clusters are spatially contiguous. How-
ever, in the first setting, the 27 larger clusters are all of size 6 x 6 x 6 and,
following, all 54 smaller clusters are of size 6 x 6 x 3. In the second setting, 9
larger clusters are of size 3 X 6 x 6, 9 larger clusters are of size 6 X 6 X 6 and 9
larger clusters are of size 9 x 6 x 6 which entails that 18 smaller clusters are of
size 3 x 6 x 3, 18 smaller clusters are of size 6 x 6 x 3 and 18 smaller clusters
are of size 9 x 6 x 3. The true parcellations from the two settings are displayed
in Figure A.1. In the following, let

t t t t t t t
T5(4) = {T1(,1)7 T1(,2)7 T2(,1)7 T2(,2)7 te 7T2(7?1’ T2(7),2}

be the true parcellation with 54 smaller clusters and, thus, let

t t t t t t t t t t
T2(7) - {Tl(,l) U T1(,2)’T2(,1) U T2(,2)a s aT2(7),1 U T2(7),2} = {Tl( )aTZ( )ﬂ s 3T2(7)}

be the true parcellation with 27 larger clusters, where ¢ = 1,2 indicates the
setting.

In a second step, the voxel intensities are simulated from a multivariate
normal distribution. Since 3D images should be simulated, where each image
consists of V' = 5832 voxels, let Y be a V-dimensional random vector which
follows a multivariate normal distribution with mean vector g and covari-
ance matrix ¥, i.e. Y ~ Ny (u,3). Remember that the general assumption
is that voxels belonging to the same true brain region are (highly) correlated
among each other. Therefore, the clusters are simulated solely via the covari-
ance matrix X, whereas g = Oy, i.e. the mean vector does not include any
cluster information. In order to allow a better interpretability of the clustering
results, the covariance matrix is chosen to be a correlation matrix with only
two different correlation values 1 > og > oy > 0. Hereby, og is the correla-
tion between voxels from the same smaller cluster and o, is the correlation
between voxels that are in the same larger cluster but not in the same smaller
cluster. Moreover, the correlation between voxels from different larger clusters
is chosen to be zero. Hence, for setting ¢,t = 1, 2,

, =1,
og, if 7# /¢ and T;i)(a:j) = Té}i)(azg),
op, it # 6 Top (x;) = ToP (20) and T (25) # TiY (a0),

0, otherwise.

Uﬁ)(USaUL) =
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a) 27 larger balanced clusters b) 54 smaller balanced clusters
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c) 27 larger unbalanced clusters d) 54 smaller unbalanced clusters

Fig. A.1 The true parcellation of the 3D cubic images: a) and b) display the true parcel-
lation of the first setting with 54 smaller clusters of equal size embedded pairwisely in 27
larger clusters of equal size; ¢) and d) display the true parcellation of the second setting with
54 smaller clusters of three different sizes embedded pairwisely in 27 larger clusters of three
different sizes. Note that this figure is (almost) identical to Figure 1 of the main manuscript

describes the correlation between voxels x; and x,, where

505,000 = (005,90 11,1

Note that X(*) (0s,01) is positive definite and, therefore, a valid correlation
matrix.

To show that () (0g,0p) is indeed positive definite, the squared matrix

() 4 @)

AL Ayh

Al =
t t
AL A
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is considered, k = 1,...,27, where

7® | 7 |
ith a\”),al’) € R and 1 being the | k|, [T 1),
W1 O 1502 € an ‘ T]gt) | |T]5t) | emg e 9 X 9

— X

() ()
matrix with all entries equal to 1. Hence, Ag) € {ag) a'! 75T

q 1002
an
) 4 (t t) 4 (1) t) 4 (t
() - (AL A, 2aial, )
k ko= 1) 4 (1) () 4 (¢ t) A ()
2404, ALAY FADAL

is a positive semidefinite matrix. The idea is to choose a,(:)l and a,(fé such that

ADAL + ALLAL = o1

(1) 4t
2Ak,)1Ak,)2 =

which is equivalent to

Solving this system of equations results in four possible solutions, i.e.

2 2
(t) gs Og oy,
a =+ + —
"2 || \/ITIE”IQ | T |2
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and
(t) 9L

1 t t) ”
| 737 | )
Since og > o > 0, all four solutions are real. Hence, for any of these four
solutions,

os-1 @ o, oLl @ t

. ErSaE S b S sl
(AE:)) Al(et): L 2 2 1 2 2
oL (t) ()| 95 (t) (t)

70| 17 7o) (1)

2 2 2 2

T
is a positive semidefinite matrix. i.e. all eigenvalues of (Ag)) Agf) are

nonnegative. Then,
T
> (og,01) = (A,(j)) AY L1 —og)I

T
is positive definite. This is because for any eigenvector e of (A;ﬁ) AS) with

corresponding eigenvalue A > 0

T T
s (0s.01)e = ((A;(f)) AV (1 05)I> e= (A,(:)) AVe+(1-05)e
=Xe+(l—os)e=(A+1—o0g)e

and, hence, e is also an eigenvector of Eg) (0s,0r) with eigenvalue A+1—0g >
0. Since all eigenvalues of E,(:) (0g,01) are positive, E,(f)(as,aL) is positive
definite. Finally, without loss of generality, assume the voxels are ordered such
that firstly the voxels from Tl(tl) then the voxels from 7} 1(2 and so on until finally
the voxels from TQ(QQ occur in the ordering. Then, it follows that

E(t)(O'S,O'L) = diag {E(lt)((fs,CTL), .. .,Eg?(gs,O'L)}

and E(t)(as,aL) is as block diagonal matrix with positive definite diagonal
blocks also positive definite.

For each setting it should be analyzed whether the clustering accuracy
increases for stronger pronounced clusters, i.e. for clusters of higher corre-
lated voxels. Hence, for each setting three different simulation scenarios are
considered. In the first, second or third scenario of each setting strongly, mod-
erately or weakly pronounced clusters are simulated by sampling 3D images
from a multivariate normal distribution with covariance matrix £®(0.2,0.1),
21 (0.1,0.05) or 3((0.05,0.025), respectively. In each of the six simulation
scenarios H = 25 data sets are sampled, where each data set consists of
N =100 3D images. Let in the following SimBS, SimBM and SimBW denote
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the first, second and third simulation scenario from the first setting, and let
SimUS, SimUM and SimUW denote the first, second and third simulation
scenario from the second setting, respectively. Also let X ,(lg) e RVXV =
1,...,25,g=1,...,6, be the h-th data set from the g-th simulation scenario.
Since structural MR images have only positive intensity values, each data

matrix is normalized to be in [0, 1]V*V i.e.

X,(Lg) — min {X;Lg)}
max {X,(lg)} — min {X,(lg)}

is calculated, where min {X ,(lg)} is the minimum entry of X ,(lg).

X}(zg) —

A typical preprocessing step for structural MRI data is smoothing (?).
Therefore, smoothing of the (normalized) spatial images, i.e. of the rows of

X,(lg)7 is also performed by using a multidimensional Gaussian filter (Jones
et al, 2005) with full width at half maximum (FWHM) being equal to two, i.e.
FWHM = 2. Hereby, the 3D images are extended at the borders by reflecting

about the edge of the border voxels. Finally, another optional preprocessing
)

step is to standardize the columns of X }(Lg to have zero mean and unit variance,

i.e. to consider standardized data sets.
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A.2 Analysis of simulation study

Five different spatial clustering algorithms are considered for comparison,
namely, SPARTACUS, SHACward, SHACAL, corr, SHACAL, Eua and SSPEC.
Moreover, in order to analyze whether standardization influences cluster-
ing quality, all these five algorithms are applied to standardized data sets,
whereas only the non-correlation based algorithms SHACwarq, SHACAL, Euc
and SSPEC are also applied to non-standardized data sets. Hence, in total
eight different clustering methods are compared in the performance analysis.
Clustering methods that are applied to standardized data sets are indicated
by method®, e.g., SPARTACUS®.

A.2.1 Performance comparison of spatial clustering methods

All eight clustering methods are employed to generate two estimated parcel-
lations, one with K = 27 clusters and one with K = 54 clusters, from each
simulated data set X}(Lg)7 h=1,...,25,g = 1,...,6. The quality of the esti-
mated parcellations is evaluated using two different approaches. In the first
approach, each estimated parcellation is compared with its corresponding true
parcellation (TQ(;),TE,(i),t = 1,2) using the adjusted Rand index (ARI). The
mean is taken over the 25 ARI scores corresponding to the same simulation
scenario, the same clustering method and the same number of clusters. In the
second approach, each estimated parcellation is evaluated on the same simu-
lated data set it has been generated on usind the absolute correlation based
simplified silhouette coefficient (SSC). Again, the mean is taken over the cor-
responding 25 SSC scores. These mean scores based on both approaches are
displayed in Table A.1.

Three results can be concluded from these tables. Firstly, the SHAC algo-
rithms outperform the SSPEC algorithms, especially for K = 54. E.g., for
Sim 1 the mean ARI (SSC) values of all SHAC algorithms are in [0.976, 1.000]
([0.669,0.685]) for K = 27 and in [0.9267,0.9976] ([0.678,0.684]) for K = 54,
i.e. they are clearly larger than the mean ARI (SSC) values of the SSPEC
algorithms, which are in [0.633,0.935] (]0.475,0.639]) for K = 27 and in
[0.277,0.539] ([0.028,0.340]) for K = 54. Secondly, except for SHACyyarq, the
standardized algorithms ouperform their corresponding non-standardized algo-
rithms, especially if the simulated effect is small. E.g., for Sim 3 the mean
ARI values are 0.9286 (K = 27) and 0.7105 (K = 54) for SHACiL Fucl a8
opposed to 0.0038 (K = 27) and 0.1429 (K = 54) for SHAC a1, guc1. Moreover,
SSPECgpr shows the worst performance among the SSPEC algorithms in
all scenarios. Thirdly, for K = 54 SPARTACUS?, SHACgVard and SHACwara
perform better than SHACiL corr and SHACiL Eucl i all scenarios , but
especially if the simulated effect is small. However, in the second setting
with unbalanced parcellations, SPARTACUS®, SHAC{,,q and SHACyarq are
slightly outperformed by SHACiL cory and SHACiL Fual for K = 27.

Moreover, in order to further investigate the poor performance of
SSPECgpr and SHAC a1, guc, the partitions with K = 27 and K = 54 clusters
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generated by SSPECrpr or SHAC41,, Eucl in application to the first simulated
data set of SImBM or SimUW, respectively, are displayed in Figure A.2. This
figure reveals that SSPECRrpr generates cubical shaped clusters of equal size,
regardless of the underlying clustering structure. SHACa1,, guc tends to form
a few large clusters and assigns outlier voxels or small groups of voxels to sin-
gleton or small clusters, respectively. These clustering behaviours explain the
poor performance of these methods.

SSPEC?; K = 27; SimBM SSPEC?; K = 54; SimBM

SHACAL,EUC/; K = 27; SimuUw SHACAL,EUC/; K = 54; SimUw

Fig. A.2 Visualization of the estimated partitions for K = 27 and K = 54 generated by
SSPECS or SHACAL,Euc applied to the first simulated data set from SimBM or SimUW,
respectively.
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A.2.2 Performance of spatial ensemble clustering

Spatial ensemble clustering (SEC) methods are applied to all simulation sce-
narios in order to investigate whether these methods generate more accurate
and more robust parcellations. Since in the first step the standardized clus-
tering methods outperform the non-standardized clustering methods, the SEC
methods are only based on the standardized clustering methods. Homogeneous
cluster ensembles are generated by drawing B = 50 subsamples and consid-
ering the five standardized clustering methods as base clustering methods. In
the consensus function step, the single linkage distance and the average link-
age distance are considered as agglomeration measures in a SHAC algorithm,
in order to obtain the final ensemble parcellations with K = 27 and K = 54
clusters from the cluster ensembles. Hence, in total, 5 -2 = 10 SEC methods
are considered, where, e.g., SECay, (SPARTACUSS) refers to the SEC method
using SPARTACUS® as only base clustering method and average linkage as
agglomeration measure.

Analogously to the first step, on the one hand, the ARI is employed to
compare the ensemble parcellations with K = 27 and K = 54 clusters with the
respective true parcellations (TQ(? and Téi),t = 1,2). On the other hand, the
SSC is used to evaluate the performance of the parcellations on the respective
data sets the parcellations are generated on. The results of this analysis are
presented in Table A.2.

From this table it can be observed that SECg, fails as SEC method, if the
performance of the respective base clustering method is not already close to
perfect. E.g., in scenario SimBW the mean ARI (SSC) scores for K = 27 and
K = 54 based on SECgy, (SPARTACUSS) are with 0.765 and 0.674 (0.361 and
0.376) clearly smaller compared to 0.930 and 0.861 (0.450 and 0.407) based
on SPARTACUS®, respectively. Also, SECg;, decreases the performance of the
SSPEC® method in all scenarios. E.g., in scenario SimUM the mean ARI (SSC)
scores for K = 27 and K = 54 based on SECSL(SSPECS) are with 0.101 and
0.119 (-0.004 and -0.033) clearly smaller compared to 0.612 and 0.483 (0.318
and 0.272) based on SSPEC®, respectively.

In contrast, SECa;, improves the accuracy and robustness of the cor-
responding base clustering method, if the base clustering method does not
already achieve perfect clustering. When considering the simulation scenarios
SimBS, SimBM, SimUS and SimUM, i.e. the simulation scenarios with a large
or moderate simulated effect, the mean ARI or SSC values of SEC 1, (SHACS),
i.e. of SEC,r, in combination with any SHAC® method, are almost identical to
the mean ARI or SSC values of SHAC®. However, for the simulation scenar-
ios SIMBW and SimUW, i.e. when the simulated effect is small and, thus, the
SHAC® methods do not achieve perfect clustering, SEC a1, (SHACS) improves
clustering quality in comparison with SHAC®. E.g., in SimUW the mean ARI
(SSC) scores for K = 27 and K = 54 based on SECay, (SPARTACUSS) are
0.948 and 0.968 (0.450 and 0.440), respectively. In contrast, the mean ARI
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(SSC) scores based on SPARTACUS® are smaller with 0.875 and 0.865 (0.435
and 0.405), respectively.

Furthermore, SEC,r, (SPARTACUS®) and SECar, (SHAC{,.q) show the
overall best performance among the SEC methods. They almost always cor-
rectly identify the true parcellations, which is expressed by the fact that their
smallest mean ARI value over all scenarios is 0.948. Hence, these methods are
even able to stably identify weakly pronounced clusters. Moreover, they clearly
outperform SECay, (SSPECS ) which achieves the worst performance among
the SEC methods. Also, they perform much better in identifying K = 54 and
only slightly worse in identifying K = 27 compared to SECar, (SHACiL Corr)

and SEC4r, (SHACRL, puel)-
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A.2.3 Performance of methods to find interesting numbers of
brain regions

In a third step, we apply the subsampling based clustering stability approach
and the subsampling based clustering quality approach to all data sets from
the simulation study, in order to investigate whether these algorithms are able
to identify the true numbers of clusters. In both approaches all eight SHAC
and SSPEC methods are employed as spatial clustering methods, B = 50
subsamples are drawn from the respective simulated data set and parcella-
tions are generated with K = 2,...,100 numbers of clusters. Moreover, in
the subsampling based clustering quality approach the four internal validation
measures SC, SSC, SCqpatial and SSCgpatial are employed. The mean over the
H = 25 scores due to the subsampling based clustering stability or quality
approach that correspond to the same simulation scenario are displayed for
K =2,...,100 in Figure A.3 or Figures A.4-A.7, respectively.

Figure A.3 shows that the performance of the subsampling based clustering
stability approach is best in combination with SPARTACUS?, SHAC%M and
SHACwara. For all scenarios of the first setting, SPARTACUS®, SHAC,.q
and SHACw,.q always produce two local maxima at K = 27 and at K = 54,
i.e. they identify correctly the true numbers of clusters. Also in the scenarios
of the second setting they always correctly produce a maximum at K = 54.
However, the first maximum occurs always at around K = 23, i.e. the true
number of larger clusters is slightly miscalculated. In contrast, SHACih corr

and SHACih Eucl always produce the first maximum at K = 27 in all six
scenarios, whereas K = 54 is never identified as interesting number of clus-
ters. SHACAL, guct Produces useless results in the scenarios SimBM, SimBW,
SimUM and SimUW and both SSPEC methods only identify K = 27 in the
scenarios of the first setting, but, apart from that, fail to identify any other
true number of clusters.

Figures A.4-A.7 reveal the following results. The internal validation curves
due to all four silhouette coefficient variants closely resemble each other. The
spatial adaptations SCgpatial and SSCgpatial produce nearly the same results
as SC and SSC, respectively. Moreover, the SC and SSC curves progress very
similar to each other, even though SSC generates larger scores than SC. From
this finding we conclude that all considered simplifications/modifications of
the SC are valid alternatives of less computational complexity for both find-
ing interesting numbers of clusters and evaluating the quality of parcellations
in the context of structural MRI data. Moreover, the (mean) internal valida-
tion scores generated by the subsampling based clustering quality approach
are the larger, the larger the simulated effect is. The subsampling based clus-
tering quality approach performs best in combination with SPARTACUS®,
SHAC3y,.q of SHACwarq. In all scenarios of the first setting, both K = 27 and
K = 54 are identified as interesting numbers of clusters and also in the sce-
narios of the second setting K = 54 is always identified. Only K = 27 is not
clearly identified in the scenarios of the second setting in combination with
SPARTACUS®, SHAC{1q oF SHACwarq. In contrast, in combination with
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SHACiL corr and SHACR | .., only K = 27 is identified in all scenarios,
while K = 54 is not clearly identified in any scenario. Both SSPEC algorithms
are neither suitable to produce high quality parcellations nor to identify the
true number of clusters. More precisely, all internal validation scores due to
the SSPEC algorithms are clearly worse than the internal validation scores
due to the SHAC algorithms. Moreover, in the first setting with balanced
parcellations only the true number of larger clusters (K = 27), but not the
true number of smaller clusters (K = 54), is correctly identified based on the
SSPEC algorithms and in the second setting with unbalanced parcellations
the SSPEC algorithms fail completely in identifying any true number of clus-
ters. Finally, except for SHACwarq, the performance of the non-standardized
clustering methods is worse compared to the standardized clustering methods,
especially if the simulated effect is small. E.g., in SimBM, SimBW, SimUM and
SimUW SHACA41, gucl generates the worst SSC™ scores among all SHAC
algorithms and is also not able to identify any true number of clusters.
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Fig. A.3 For all simulation scenarios the mean over H
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Fig. A.4 For all simulation scenarios the mean over H = 25 SC scores generated by

Algorithm 2 from the main manuscript is plotted for each K = 2,...,100.
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Fig. A.5 For all simulation scenarios the mean over H = 25 SSC scores generated by

Algorithm 2 from the main manuscript is plotted for each K = 2,...,100.
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Fig. A.6 For all simulation scenarios the mean over H = 25 SCgpatial Scores generated by
Algorithm 2 from the main manuscript is plotted for each K = 2,...,100.
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,100.



Springer Nature 2021 BETEX template

20 SPARTACUS

B 1000BRAINS analysis

In this section we provide additional results obtained from our analysis of
the 1000BRAINS data set that supplement the results presented in the main
manuscript.

B.1 Visual analysis of non-standardized SHAC
parcellations

In order to get a better understanding why SHACwyaq and SHACa1, guc pro-
duce low quality parcellations (see Figure 3 from the main manuscript), the
parcellations with K = 160 due to SHACwy,,q and SHAC 41, gucl are visualized
in Figure B.8 and Figure B.9, respectively. Each figure shows a 4 x 5 slice plot,
where each subplot displays a 2D slice over the  and y dimension of the 3D
image, while fixating the z dimension. The coordinates are in the 1000BRAINS
specific voxel space.

From Figure B.8 it can be observed that SHACwa.,q produces cluster
patterns which can, in a sense, be descibed as central clusters which are sur-
rounded by multiple thin cluster rings. This patterning is not established in
the field of brain parcellation at all and, therefore, it is not very surprising that
the quality of these parcellations is low. Figure B.9 reveals that SHACa1, puci
produces a few very large clusters, more precisely, three large clusters with
107079, 85078 and 94755 voxels, and many small clusters (106 clusters include
less than 10 voxels). This tendency to form a few large clusters and to assign
outlier voxels to small or even singleton clusters could already be observed
in the simulation study and is a phenomenon of average linkage hierarchical
clustering that is experienced also by other researchers (Senbabaoglu et al,
2014).
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Fig. B.8 Visualization of the partition with K = 160 brain regions generated by SHACward
applied to the 1000BRAINS data set. The coordinates are in the 1000BRAINS specific voxel
space.
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Fig. B.9 Visualization of the partition with K = 160 brain regions generated by
SHACAL, Euc applied to the 1000BRAINS data set. The coordinates are in the 1000BRAINS
specific voxel space.
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B.2 Clustering stability and clustering quality to find
interesting numbers of brain regions

We employ the subsampling based clustering quality approach as one approach
to find interesting numbers of brain regions. The four standardized SHAC
methods are used as spatial clustering methods and SSCgpatial is employed
as internal validation measure. B = 100 subsamples are drawn in all runs
of the algorlthm We dlsplay the first derivative of the SSCgpatial curves due
to SHACq,,q and SHACS AL, Bua together with the corresponding ARI curves
generated by the subsamphng based clustering stability approach in Figure
B.10. This figure supplements Figure 5 from the main manuscript.
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Fig. B.10 The first derivative of the SSCypatial curve (blue) generated by the subsampling

based clustering quality approach and the ARI curve (green) generated by the subsampling
based clustering stability approach, both with K = 2,...,1000 and using SHAC€vard or
SHACiL Eucl 28 spatial clustering algorithm.
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B.3 Final ensemble parcellations

The final ensemble parcellations with K = 70 and K = 150 brain regions
generated by SECAL(SPARTACUS®) and SECAL(SHACR], co.,) based on the
1000BRAINS data are shown in Figures B.11-B.14.

Fig. B.11 Visualization of the parcellation with K = 70 brain regions generated by apply-
ing SECA,(SPARTACUS®) to the 1000BRAINS data set.
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Fig. B.12 Visualization of the parcellation with K = 150 brain regions generated by
applying SECAL(SPARTACUSS) to the 1000BRAINS data set.
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Fig. B.13 Visualization of the parcellation with K = 70 brain regions generated by apply-
ing SECAL(SHAC‘EL cory) to the I000BRAINS data set.
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Fig. B.14 Visualization of the parcellation with K = 150 brain regions generated by
applying SECAL(SHACiL corr) to the I000BRAINS data set.
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B.4 Spectral and geometric parcellations

The parcellations with K = 150 brain regions generated by SSPEC® and
geometric clustering based on the 1000BRAINS data are displayed in Figure
B.15 and Figure B.16, respectively.

Fig. B.15 Visualization of the parcellation with K = 150 brain regions generated by
applying SSPECS to the 1000BRAINS data set.



Springer Nature 2021 BETEX template

SPARTACUS 29

Fig. B.16 Visualization of the parcellation with K = 150 brain regions generated by
applying geometric clustering to the 1000BRAINS data set.
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B.5 Preprocessing steps for convergence analysis

In this section the preprocessing steps which are performed to quantify the
convergence between parcellations from different families are described in
detail.

Some issues occur when quantifying the convergence between atlases, i.e.
the brain atlases neither are registered to the same brain template in MNI
space, nor have the same voxel resolution, nor have the same brain coverage
nor have the same numbers of brain regions. Hence, some preprocessing steps
are employed.

In a first preprocessing step, all atlases are registered to the same brain
template. The label information of each atlas is stored in a 3D array and the
position of a voxel in this array determines its coordinate in the atlas specific
voxel space. However, without further information it is unclear to which posi-
tion in the scanner this voxel coordinate points to. Let (z,y, z) be a coordinate
in the atlas specific voxel space. In order to obtain the corresponding coordi-
nate in the scanner space (measured in mm?), an affine matrix (Markiewicz,
2021)

mi,1 Mi2 M3 a
Ma,1 Mo Ma3 b
mg,1 M32 M3;3 C

0 0 0 1

is employed. This affine matrix is multiplied with (z,y, z, 1)7, i.e.

M =

*

X X

M - Y = y* )
4 z
1 1

and (z*,y*, 2*) is the coordinate in scanner space corresponding to (x,y, z).
Hereby, (a,b,¢) is a translation which is added to (x,y, z) and

miy1 My2 M3
M* = ma1 M22 M23
m3;1 Mm3z2 M33
is a rotation / zoom matrix. Note that

*

* :M*

*

_|_

[SEINSIIN S
[SEINSI. S
o o

holds and, hence, (z*,y*, z*) results from (z,y, z) via rotating, zooming and
shifting. Since each atlas is provided with such an affine matrix, the coordi-
nates from the atlas specific voxel spaces can all be transformed to the same
scanner space. However, further calculations are best performed in voxel space.
Therefore, the inverse of the 1 x 1 x 1mm? MNI brain mask (Patterson, 2021)
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1

-100 77\ -100 77

Mol — 0 10 -111 _ | 010111
MNI 001 =72 001 72
000 1 000 1

is used to backtransform scanner coordinates to the reference voxel space. By
this procedure, each voxel from an atlas specific voxel space is transformed
to the same reference voxel space, where voxel labels (or voxel values) are
transferred accordingly. Note that this reference voxel space corresponds to a
voxel resolution of 1 x 1 x 1mm?.

Since not all atlases have a voxel resolution of 1 x 1 x 1mm?, a second
preprocessing step which is performed after the first preprocessing step is to
enlarge or shrink atlases from a lower or higher resolution voxel space, respec-
tively, in order to fill the reference voxel space. Enlargement is accomplished
by a nearest-neighbor approach, where, depending on the atlas resolution, a
labeled voxel in the reference space equips its nearest unlabeled voxels with its
label. If, e.g., the atlas resolution is 2x 2 x2mm?, 3x3x3mm? or 4x4x4mm?, a
labeled voxel in the reference space with coordinate (z*, y*, z*) also equips all
(unlabeled) voxels whose coordinates are in [z*, 2*+1] x [y*, y*+ 1] x [2*, 2*+1],
[2* =1L z*+ 1] x[y* =L y*+1] x[z*=1,z"+ 1] or [z* =1, 2"+ 2] x [y* —1,y" +
2] x [z* — 1, z* + 2] with its label, respectively. A special case is a atlas resolu-
tion of 1.5 x 1.5 x 1.5mm? as for the 1000BRAINS parcellations or the atlases
by Varikuti et al (2018). Therefore, the following example is considered. The
affine matrix of the 1000BRAINS data set is given by

-1.5 0 0 915
0 1.5 0 —1275
0 0 1.5 =735
0 0 O 1

A coordinate in voxel space is (53,50, 6). Then the corresponding coordinate
in scanner space is calculated as

M =

53 12
50 —52.5
M-16 | = | —645
1 1
and backtransformation using M1\7[11\H yields
12 65
_ —52.5 58.5
My | g5 | = | 75 |-
1 1

i.e. the transformation of coordinate (53,50,6) to the scanner space and
then to the reference voxel space is (65,58.5,7.5). Note that the entries of
(65,58.5,7.5) are not all integers and, therefore, this coordinate does not
specify a position in a 3D array. Therefore, and also to fill the reference
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Fig. B.17 The brain slices in the first or second row correspond to the atlas with 100 brain
regions from the SECAL(SPARTACUSS) family or the Schaefer family, respectively. The
first, second or third column displays the brain slices in the atlas specific voxel space, the ref-
erence voxel space before matching or the reference voxel space after matching, respectively.

voxel space, (65,58.5,7.5) equips all (unlabeled) voxels whose coordinates
are in [|65],[65]] x [|58.5],[58.5]] x [|7.5],[7.5]], i.e. (65,58,7), (65,59,7),
(65,58,8) and (65,59,8), with its label. More generally, if the atlas reso-
lution is 1.5 x 1.5 x 1.5bmm?3, a labeled voxel in the reference space with
coordinate (z*,y*,z*) equips all (unlabeled) voxels whose coordinates are in
(lz* ], [z*1] < [ly* ], [y*1] x [Lz*], [2*]] with its label. If the voxel resolution in
the atlas specific voxel space is higher than the voxel resolution in the refer-
ence voxel space, multiple original voxels will correspond to the same reference
voxel. Hence, shrinkage is accomplished by equiping each reference voxel with
a randomly chosen label from the label-list of its corresponding atlas specific
voxels. If, e.g., the atlas resolution is 0.5x0.5x 0.5mm?, all labeled voxels in the
reference space which have the same coordinate (x*, y*, 2*) after all their coor-
dinate entries are rounded down equip the voxel with coordinate (z*,y*, 2*)
randomly with one of their labels.

As all atlases are registered to the same brain template, the next issue
is that the brain coverage is different between the existing atlases and the
atlases generated based on the 1000BRAINS data set. Technically this means
that, when comparing two atlases with each other, there exist voxels in the
reference space which are labeled by exactly one atlas but not by the other.
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Therefore, a third preprocessing step is to consider only those voxels which
are labeled by both atlases. This pairwise matching might reduce the number
of brain regions in both atlases. E.g., when matching the whole brain atlases
from the SEC A, (SPARTACUS®) family with the cerebral cortex atlases from
the Schaefer family (Schaefer et al, 2018), the numbers of brain regions of the
SECAL(SPARTACUS?) atlases reduce from originally, e.g., 100,200, 300,400
or 500 to 95,189,276,363 or 448, respectively. In contrast, the numbers of
brain regions of the atlases from the Schaefer family are not changed by
this matching. This is because the brain coverage of the atlases from the
SECarL (SPARTACUSS ) family is larger than the brain coverage of the atlases
from the Schaefer family. Examplary, Figure B.17 contrasts one specific profile
of the atlases with 100 brain regions from the SECar,(SPARTACUS®) and the
Schaefer family in the atlas specific voxel space, in the reference voxel space
before matching and in the reference voxel space after matching.

The last issue to be addressed is how to pair parcellations from two different
families, where convergence is only determined between pairs of parcellations.
While the 1000BRAINS families, i.e. the SECAr,(SPARTACUS®), SSPECH 5
and geometric family, include parcellations with 2,...,500 brain regions, the
existing atlas families presented in Table 1 from the main manuscript include
far less parcellations with selected numbers of brain regions. An intuitive idea
is to assign each parcellation from an existing atlas family to that parcella-
tion from a 1000BRAINS family, which has the same number of brain regions
(before matching). However, with this strategy the numbers of brain regions
can differ between pairs of parcellations after pairwise matching is performed.
E.g., when pairing the parcellations with 500 brain regions from the Schaefer
and the SECAr,(SPARTACUS®) family, the SECA1,(SPARTACUS®) parcella-
tion contains only 448 brain regions after pairwise matching, while the Schaefer
parcellation still includes 500 brain regions. Therefore, those parcellations from
an existing atlas family and a 1000BRAINS family are paired, whose numbers
of brain regions are closest after pairwise matching, but only if the absolute dif-
ference between their numbers of brain regions is less than or equal to 20. E.g.,
the parcellations with 100, 200, 300 and 400 brain regions from the Schaefer
family are paired with the parcellations (before matching) with 105, 211, 323
and 444 brain regions from the SECAr,(SPARTACUS®) family, where, after
matching, the numbers of brain regions of the Schaefer parcellations remain
the same and the numbers of brain regions of the SECAL(SPARTACUS®)
parcellations are 100, 200, 300 and 401, respectively.
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B.6 Convergence analysis with existing parcellations

Using the ARI, the convergence of the parcellations belonging to the
SECaL (SPARTACUSS ), SSPEC? or geometric family with the parcellations
from the four alternative atlas families Schaefer (Schaefer et al, 2018), Bellec
(Bellec et al, 2010), Shen (Shen et al, 2013) or Glasser (Glasser et al, 2016) is
quantified. The results of this analysis are shown in Figure B.18. This figure
supplements Figure 9 from the main manuscript.
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Fig. B.18 Each subplot shows the ARI based convergence of parcellations from the Schae-
fer, Bellec, Shen or Glasser family with the parcellations from the SECAL(SPARTACUSS),
SSPEC® and geometric family. The values on the z-axis are the numbers of clusters of the
parcellations from the alternative atlas family after matching.
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