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Abstract: The human functional connectome (FC) is a representation of the functional couplings
between brain regions derived from blood oxygen level-dependent (BOLD) signals. We hypothesized
that tensors, given their ability to project high-dimensional data into lower dimensional spaces via
decomposition techniques, enable detecting the brain fingerprint with high accuracy. In this work, we
present a mathematical framework based on Tucker decomposition to uncover the FC fingerprint of
participants from the Young-Adult Human Connectome Project (HCP) Dataset. We analyzed how the
following factors relate to within-and between-condition (rest-task) fingerprinting: brain parcellation
granularity, decomposition rank, and scan length. Relative to FC matrices, we observed the highest
increase in matching rates for parcellation granularity of 214 in the within-condition setting. Notably,
our framework provides a substantial matching rate improvement in the between-condition setting
relative to original FC matrices. Further, with our framework, sub-sampling the resting-state time
series in the between-condition setting yielded fingerprinting results similar to those obtained by
sampling the entire resting-state time series.

Keywords: functional connectome; tensor decomposition; fingerprinting; dimensionality reduction

1. Introduction

Human brain connectomics is a field of research that has emerged as a result of the large avail-
ability of neuroimaging datasets in recent years [1]. This field of study has the potential to answer
many open questions about the structure and function of the human brain. Furthermore, connectomics
based analyses have uncovered differences between healthy and disease conditions [2,3]. However, in
order to further validate the reliability of such studies and deepen the understanding of individual
characteristics that can be overlooked in cohort studies, the concept of a “brain connectivity fingerprint”
[4-6] has gotten a lot of attention.

Functional connectivity fingerprinting of the brain refers to the ability to identify an individual
FC from a set of FCs in repeated fMRI imaging sessions. The existence of a brain fingerprint has
been established in the last decade with work done with data from functional magnetic resonance
imaging (fMRI) and electroencephalography (EEG) [7,8]. Such studies have shown that the functional
connectome (FC) of the brain varies between individuals, therefore serving to some extent as a
fingerprint. In the literature, different studies of FC fingerprinting have been conducted with varying
approaches, such as principal component analysis (PCA) [9,10], sparse dictionary learning (SDL) [11],
geodesic distance in regularized FC [12] and correlation distance in FC tangent space projections
[13]. In [9], the authors show that individual connectivity profiles can be reconstructed through an
optimal linear combination of PCA-derived orthogonal components. In [10], the authors perform PCA
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in a subset of “learning” FCs to obtain an eigenspace to which the “validation” FCs are projected,
thus enabling the identification of the fMRI condition or the participant to which the “validation”
FC belongs. In [11], SDL is used to refine FC profiles, leading to a higher distinctiveness in FCs
relative to raw connectivity. PCA and SDL work on 2-dimensional data, while Tucker decomposition
is designed for higher-dimensional data structures called tensors, essentially allowing it to analyze
complex relationships across multiple variables in a dataset by decomposing it into a core tensor
and factor matrices along each dimension. In essence, Tucker decomposition may be thought of as a
“higher-order PCA”.

Using the fact that FCs estimated as correlation matrices lie on or inside a Symmetric Positive
Definite (SPD) manifold, Venkatesh and colleagues proposed using geodesic distance to compare
FCs [14]. In a follow-up study [12], the authors explored how optimally regularized FCs maximize
the individual fingerprint of participants, measured by the geodesic distance between their FCs.
A limitation of this approach is that the geodesic distance between FCs of size M x M is a map
RMXM o RMXM 5 R Hence, even though the geodesic distance provides a global measure of
similarity between FCs, it does not directly highlight the specific features that make the individual’s
functional connectivity unique. As an alternative to using FCs, tangent FCs have demonstrated a high
capacity to predict cognition and behavior [15-17]. Most recently, [13] analyzed the effects of tangent
FCs with respect to fingerprinting. In that study, a high degree of fingerprinting was achieved not only
for the test / retest sessions but also for the successful matching of twins.

To simultaneously overcome the drawbacks of the studies mentioned above, we propose to utilize
tensor decomposition for FC fingerprinting. Tensor decomposition enables projecting high-dimensional
data into a lower-dimensional space, preserving its structure while independently extracting meaning-
ful information from each dimension.

Tensors are multidimensional arrays with applications in various fields, including signal pro-
cessing, computer vision, and neuroscience [18]. In brain connectomics, tensors enable modeling and
analyzing the functional and structural connections within the brain by reducing the dimensionality of
complex, interrelated, and high-dimensional data through tensor decomposition. In [19], the authors
studied the dynamics of FCs to understand the process of formation and dissolution of brain functional
networks through tensor decomposition techniques. In another study [20], it was demonstrated how
the analysis of the tensor components enables the extraction of unbiased and interpretable descriptions
of single-trial dynamics across many trials through low-dimensional representations of neural data.
In [21], the authors discuss challenges associated with interpreting the brain connectivity patterns
derived from tensor decomposition. To our knowledge, only [22] has considered using tensors in brain
connectivity fingerprinting analysis in the literature. However, their study was based on structural
connectivity. The task of identifying subjects through their functional connectomes has the additional
challenge of dynamic changes and functional reconfigurations happening at a fast rate in response to
cognitive stimuli.

Our study assesses how tensor decomposition of functional connectivity is related to fingerprint-
ing measured by matching rate [23]. Specifically, we used Tucker’s decomposition [24] to uncover brain
fingerprints derived from FCs. Tucker decomposition decomposes a tensor into a core tensor and a set
of n factor matrices, where 7 is the number of dimensions of the tensor. The core tensor can be thought
of as a compressed version of the original tensor and the factor matrices as principal components
along the n dimensions of the tensor. Considering the focus of brain fingerprinting of this study, the
tensors here used were obtained by concatenating all participants’ functional connectivity matrices
from one scanning session, thus resulting in three-dimensional tensors. Decomposing such tensors via
Tucker decomposition yields a core tensor and three factor matrices, the first two of which capture
cohort-level functional connectivity patterns, while the third captures participant-specific patterns. We
used data from all fMRI conditions available in the Young-Adult Human Connectome Project (HCP)
Dataset, which consists of two fMRI data acquisition sessions (referred to as test and retest throughout
this paper) from 1200 participants. In particular, we focused on a subset of that dataset consisting of
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426 unrelated participants. Our chosen measurement of fingerprinting was matching rate [23], which
measures among participants how often (percentage of times) one session is correctly paired with
another session (and vice versa).

The aims of this paper are: (i) assess the impact of Tucker decomposition on functional connectome
fingerprinting in within- and between-fMRI condition settings for different parcellation granularities,
(ii) estimate optimal levels of compression of brain parcellation-specific and participant-specific infor-
mation that maximize fingerprinting, and (iii) analyze how sampling in resting-state prior to Tucker
decomposition affects fingerprinting.

The remainder of the paper is organized as follows. In the Materials and Methods section, we: (i)
describe the data set used in this study as well as the preprocessing procedures, (ii) provide a review
of multilinear algebra and tensor decomposition algorithms, (iii) introduce Tucker decomposition, and
(iv) describe matching rate, the fingerprinting measurement used in this study. In the Results section,
we: (i) uncover fingerprinting within and between fMRI conditions, (ii) disclose optimal levels of
compression of parcellation-specific and participant-specific information that maximize fingerprinting,
and (iii) present the findings for the different strategies of sampling time points in resting-state time
series. In the Discussion section, we (i) discuss our findings and provide possible interpretations of
them and (ii) highlight some limitations of our study and make suggestions for future work.

2. Materials and Methods
2.1. Dataset

The data set used in this study consists of the eight fMRI conditions available in the Young-
Adult HCP Dataset [25]. Specifically, we used a subset of 426 unrelated participants (223 women,
mean age: 28.67 years, range: 22-36) to eliminate the need to account for potential hereditary factors
that could have an influence on fingerprinting. fMRI conditions include: resting-state (RS), emotion
processing (EP), gambling (GAM), language (LAN), motor (MOT), relational processing (REL), social
cognition (SOC), and working memory (WM). For each condition, participants underwent two sessions
corresponding to two different acquisitions (left-to-right, LR, and right-to-left, RL). In our study, we
refer to these as test and retest sessions. The resting-state scans were acquired in four sessions (“REST1”
and “REST2”) on two different days. Only the two sessions of REST1 were used in this work.

2.2. Brain Parcellations

In this work, we used the Schaefer parcellation functional brain atlases of the human cortex [26]. The
Schaefer parcellation is based on resting-state fMRI data from 1489 participants, which were registered
using surface alignment. The Schaefer parcellation was obtained via a gradient-weighted Markov
random field that integrates local gradient and global similarity approaches and is available at ten
granularity levels, ranging from 100 to 1000 in steps of 100 in both volumetric and grayordinate space.
The grayordinate versions of the parcellations are in the same surface space as the HCP fMRI data,
therefore, mapping the parcellations onto the fMRI data is trivial. Furthermore, using surface-mapping
produces a better alignment between the fMRI data and the Schaefer parcellations in comparison to
when volumetric mapping is used. Consequently, we used the surface-based mapping to map the 200,
400, and 800 granularity Schaefer parcellations onto the fMRI data. For completeness, 14 subcortical
regions were added to each parcellation, as provided by the HCP release (filename Atlas_ROI2.nii.gz).
To do so, this file was converted from NIFTI to CIFTI format using the HCP workbench software
(www.humanconnectome.org/software /connectome-workbench.html, wb_command -cifti-createlabel).
As a result, the Schaefer-200 parcellation, for example, ultimately contained 214 brain regions.

2.3. Preprocessing

A “minimal” preprocessing pipeline from the HCP, which includes artifact removal, motion
correction, and registration to a standard template, was used [27]. More details can be found in the
literature [28,29].
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The “minimal” preprocessing pipeline was improved upon through the addition of extra steps.
These steps were also described at [13]. For resting-state fMRI data we: (i) regressed out the global gray
matter signal from the voxel time courses [27], (ii) applied a first-order Butterworth bandpass filter
in the forward and the reverse directions [0.001-0.08Hz [27], functions butter and filtfilt in MATLAB],
and (iii) z-scored and averaged, per brain regions, the voxel time courses, excluding any outlier time
points falling outside three standard deviation from the mean (workbench software, wb_command
-cifti-parcellate). The same steps were repeated for all fMRI tasks, however, a larger frequency range
was used in the bandpass filter (0.001-0.250) [30], since the optimal range is unclear [31].

2.4. Estimation of Whole-Brain FCs

The functional connectivity between pairs of brain regions was estimated by computing Pearson’s
correlation (corr MATLAB function), which results in a symmetric M x M correlation matrix, with M
being the number of brain regions for a given parcellation. Throughout this article, this correlation
matrix is referred to as FC. For each participant, we computed a whole-brain FC for each of the
two sessions (test and retest), each fMRI condition (all seven tasks and resting state), and different
parcellation granularities (214, 414, and 814).

2.5. Tensor Notation and Linear Algebra

In this work, we refer to multidimensional arrays as tensors. The order of a tensor describes the
number of dimensions it has. Zero-order tensors are scalars, first-order tensors are vectors, second-
order tensors are matrices, and tensors of order three or higher are referred to as higher-order tensors.
The tensor notation used in this paper is largely adapted from [18]. Throughout the paper, higher-order
tensors are denoted by Euler script letters, e.g., X', matrices are denoted by boldface capital letters,
e.g., X, vectors are denoted by boldface lowercase letters, e.g., x, and scalars are denoted by lower or
upper case letters, e.g., x or X. Entries of a matrix or a tensor are denoted by lowercase letters with
subscripts, e.g., the (i1, i, - - - ,iy) entry of an N-order tensor X is denoted by Xi iy i

Equivalently to rows and columns from matrices, tensors have fibers. Fibers are constructed by
fixing every index of the tensor, but one. Hence, tensors have as many fibers as dimensions. A matrix
column is a mode-1 fiber, and a matrix row is a mode-2 fiber. This concept can also be extended to
higher-order tensors. For instance, third-order tensors have column (mode-1), row (mode-2), and tube
(mode-3) fibers, which are denoted by x.j, x;, and x;;., respectively. A slice is defined by fixing all
entries from the tensor except two. For example, we can define the slices X .., X i and X g for a
third-order tensor.

An N-order tensor can be flattened into a matrix, a process known as matricization or flattening.
The mode-n matricization of a tensor X € Rh*2X*Iv j5 denoted by X (n) and arranges the mode-
n one-dimensional fibers to be the columns of the resulting matrix. The n-mode matrix product
between a tensor X € RI*2X*IN and a matrix U € R/*!" is denoted by X x, U and is of size
L XX Ly X X Ippp X X In.

The inner product of X and Y € RI1*12XxIN i5 the sum of the product of their entries, i.e.,
(x,Y) = 21.111:1 2522:1 e ngzl Xiy iy, inYiyig, i~ The norm of tensor X is defined as ||X|| =
V/{X, X). For matrices, || - || refers to the Frobenius norm, and for vectors, || - || refers to the analogous
Ly norm.

2.6. Tensor Decomposition

In recent years, tensors have become increasingly popular in the fields of signal processing,
machine learning, and neuroscience for their capacity to model complex high-order relationships
among objects [32-34]. Tensor decomposition enables projecting high-dimensional data into a lower-
dimensional space while preserving the original structure of the data. For the purpose of brain finger-
printing, tensor decomposition has the potential of extracting unique features from each participant’s
fMRI data acquisition session, thus facilitating subject distinctiveness. Several tensor decomposition
algorithms can be found in the literature, each with their own characteristics and applications. The
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most commonly used ones are the CANDECOMP /PARAFAC (CP) [35,36] decomposition and the
Tucker decomposition [24].

The CP decomposition factorizes a tensor into a sum of rank-one tensors, with a rank-one tensor
being expressed by the outer product between vectors. For a N-order tensor X' € RI>12xxIv jts CP
decomposition is given by:

X ~ 2521 Arar(l) o ar(2) ) ar(N) = [[A,A(l),A(z), e ,A(N)]]

where R, which represents the number of rank-one tensors used to reconstruct the original tensor,
is the rank of the decomposition, A € RR is a scaling constant for each of the components, and
Al = [agi) uéi) e al(;)], fori =1,2,---,N, are factor matrices. The last equality shows the
shorthand [[A;A(l),A(Z),- . -A(N)ﬂ introduced in [37].

The Tucker decomposition decomposes a tensor into a core tensor multiplied by a matrix along
each of the tensor modes [24]. For X € RiixxxIN jts n-rank, denoted by rank, (X), is defined as
the column rank of its mode-n matricization X ,,). In other words, the n-rank is the number of linearly
independent vectors that span the basis of the mode-n fibers of X'. The Tucker decomposition of X is
defined as:

XL TR N gnen ) 0any) o oanY) =[G40, 40), . AN]

T =1 1’221 ’

Here, A ¢ Rh xRy A2 ¢ RExR2 ... AWN) ¢ RINXRN are column-wise orthonormal matri-
ces referred to as factor matrices, and Rj, Ry, ..., Ry are the ranks of the decomposition, where
R, < rank,(X) < I, forn = 1,..,N. If R, < rank,(X), we refer to the decomposition as a
truncated Tucker decomposition and refer to it as a rank-(R1, Ry, ..., Ry) decomposition. The tensor
G € RRixRyx-xRN jg referred to as the core tensor and its entries represent the level of interaction
between the different factors. Note that the CP decomposition can be understood as a special case of the
Tucker decomposition when the Tucker’s core is reduced to a hyper-diagonal tensor (all non-diagonal
entries are equal to zero) and R = Ry = Ry = ... = Ry. For simplicity, consider the third-order tensor
X € Rhxhx5 The Tucker decomposition of X is the solution of the minimization problem:

min |1X — G x1 AM x;, A®) x5 40)||
G,AM A(2) AB)

st. G e RRixRaxRs
AM ¢ RI*R1 and column-wise orthonormal
A® ¢ REXR2 and column-wise orthonormal

A®) ¢ REXRs and column-wise orthonormal

2.7. Tucker Decomposition Of Functional Connectomes

For each of the eight fMRI conditions analyzed in this study, we represent the data as a third-order
tensor X € RM*MxN_Here, M is equal to the granularity of the brain parcellation and N = 426
corresponds to the total number of participants. Given the symmetry of FC matrices, we refer to
X as a semi-symmetric tensor, which is defined as invariant under permutation of two (or more)
indices. In our case, x;j = x;;x fork =1,...,426. All analyses performed in this work have an input
of a semi-symmetric tensor X constructed by concatenating participants’ FCs obtained in one fMRI
scanning session (either test or retest).

Once the data have been structured as a semi-symmetric tensor, we can produce a low-rank
estimation of the FCs through either of the previously mentioned tensor decomposition methods.
Due to the lack of interactions between components, the results of CP decomposition are generally
easier to interpret [21] compared to Tucker decomposition. However, this lack of interaction often
leads CP to produce less accurate approximations of the original tensor, as measured by the L,
norm. In contrast, Tucker decomposition leverages its core tensor to capture interactions between
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components, enabling it to approximate the original tensor with greater precision [38]. Considering
the interpretability /accuracy trade-off in the context of brain fingerprinting, we focus on Tucker
decomposition.

Several methods have been developed to estimate the Tucker decomposition. Here, we use the
High-Order Singular Value Decomposition (HOSVD) [39]. HOSVD is an extension of the classic
Singular Value Decomposition (SVD) to higher order arrays. Specifically, HOSVD factorizes a tensor
into a core tensor and a set of column-wise orthogonal factor matrices. Similarly to PCA, the factor
matrices capture most of the variance across each of the tensor modes. For a N-order tensor X &
RI 2N the Tucker estimation via HOSVD is shown in Algorithm 1.

Algorithm 1 Higher Order Singular Value Decomposition (HOSVD)
Input: X € Rix2xxIn IR Ry ..., Ry}

1: fori < 1to N do

2: A < R; leading left singular vectors of X (i)

3: end for

4 G X x  ADT 5, AQT Ly AN
Output; g,A(l)/A(2), e ,A(N)

T

When applied to tensors that exhibit partial (or full) symmetries, HOSVD preserves the symmetric
structure of the tensor [39]. Hence, for a tensor consisting of one session (e.g., test sessions) of
participants’ FC matrices, the Tucker decomposition of X € RM*M*N can be reformulated as:

min ||X — G X1 B X, B x3P||
G,B,P

st. G e RRixRixR;
B € RM*R1 and column-wise orthonormal

P € RN*R2 and column-wise orthonormal

where the factor matrices B and P obtained via HOSVD contain, respectively, brain parcellation
and participant-specific information and the ranks R; and R, express the compression levels of
brain parcellation and participant-specific information. For the parcellation granularities consid-
ered in this study (214, 414, and 814), the brain parcellation ranks were chosen with a step size of
w. In addition to the previous parcellation ranks, we also performed a full-rank de-
composition. Thus, for a parcellation granularity of 414, for example, the brain parcellation ranks
were set to Ry = {100,200, 300,400,414}. In contrast, all participant ranks were fixed and set to
R, = {50,100, 150, 200, 250, 300, 350, 400, 426 } .

Under the hypothesis that the functional connectivity patterns of a participant are, to some extent,
reproducible across scanning sessions, we fix the core tensor G and brain parcellation factor matrix B
derived from the Tucker decomposition of tensor X’ and estimate the participant factor matrix Q of the
tensor Y comprising of FCs from another data acquisition session (e.g., retest session). By doing so, we
aim to detect a consistent presence of underlying cohort-level functional connectivity patterns across
different data acquisition sessions for each participant. Such a problem can be formulated as follows:

inn [|1Y —G X1 B x2 B x3 Q]

st. Qe RNxR

The above problem admits a closed-form solution given by:
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Q=Y4 x [(Gx1Bx2B)3)

where * denotes the Moore-Penrose inverse [40] of a matrix, and Y (3) and (G X1 B X3 B) 3) denote the
mode-3 matricization of Y and (G X1 B X, B), respectively.

2.8. Fingerprinting Quantification

To quantify fingerprinting, we used a measure denominated matching rate [23] for an identi-
fiability matrix I € RN*N, where i ik denotes the Pearson’s correlation between the j-th row of the
participant factor matrix P; ., and the k-th row of the participant factor matrix Qy .. The main diagonal
entries of I represent similarity levels between different imaging sessions of the same participant.
By hypothesis, we expect those entries to be higher than the off-diagonal entries, which represent
the similarity level between different imaging sessions of different participants. Matching rate is a
variation of 1D, [7] that accounts for the fact that each participant is present only once in the test
and the retest sets. ID,4. (1) is the average frequency at which a participant’s test session is most
highly correlated to their retest session, and their retest session is most highly correlated to their test
session (note that one does not necessarily imply the other). For matching rates, we impose that
once a test session is paired with a retest session, it can no longer be chosen for a new pairing. The
relative frequency of successful participants matching in both directions is then averaged, yielding
a value in the range [0, 1], where 0 indicates a failure to correctly match any of the participant’s FCs,
and 1 indicates success in matching all participant’s FCs correctly. An algorithmic description of the
computation of the matching rate is presented in Algorithm 2.

Number of correctly paired test-retest samples
Total number of participants

Number of correctly paired retest-test samples
Total number of participants 1)

+

IDmte = 5

Algorithm 2 Matching Rate Computation
Input: I € RN*N

1 Lyask < 1

2: MRy <0

3: fori <~ 1to N do

4: [maxValPerCol, rowIndices] <— max(Ly sk, [],1)
5: [~, colIndex] + max(maxValPerCol)

6:  if (collndex == rowIndices(colIndex)) then
7: MRy < MR; +1

8: end if

9: Lyask (:, colIndex) + -inf

100 Lyask (rowlndices(colIndex), :) <— -inf

11: end for

12: Iyaer — IT

13: MRy ¢ 0

14: fori < 1to N do

15: [maxValPerCol, rowlIndices] < max(IL,ask, [],1)
16: [~, collndex] < max(maxValPerCol)

17: if (colIndex == rowIndices(colIndex)) then
18: MRy < MRy +1

19: end if
20: L,ask (¢, colIndex) < -inf
21: Lyask (rowIndices(colIndex),:) < -inf
22: end for

. MR{+MR

Output: Avgmr
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2.9. Fingerprinting Framework Adapted to Tucker Decomposition

Our fingerprinting framework consists of five key steps: i) given a data acquisition session
(either test or retest) of an fMRI condition, construct a tensor that contains all participants FCs, ii)
decompose the tensor via Tucker decomposition to obtain a core tensor, a brain parcellation factor
matrix, and a participant factor matrix, iii) estimate the other session’s participant factor matrix
based on the decomposition of the given session, iv) obtain an identifiability matrix by computing
pairwise Pearson’s correlation between the rows of both participant factor matrices, and v) calculate
the matching rate for the obtained identifiability matrix. A schematic representation of our framework
is presented in Figure 1.

Brain Parcellation
Factor Matrices

Session 1 Core Tensor Participants

Factor Matrix

D
x -~ g xl XZ B ><3 P
Pc ]RNXRZ
Identifability Matrix (1)
G € RRV(RuxXR os
@ € RMXMxN B € RM*R: o
—
- Pearson’s 5 04
g Correlation [ 2
T n 02
Brain Parcellation 0
_Factor Matrices
- 10 20 30 40 50
Session 2 Core Tensor Participants Session 2
Factor Matrix l
B B — i
Matching Rate
u ~ g x1 XZ X3 Q g
Q ]RNXRZ
G € RR1*RixR; Q = Yy X [(G %1 B x3 B) 3]

Y € RMXMXN B ¢ RM*R1

Figure 1. Graphic representation of the participant identifiability framework. For an input tensor X consisting of
FCs from one imaging session, we compute its Tucker decomposition to obtain a core tensor G, two identical brain
parcellation factor matrices B, and a participants’ factor matrix P. Fixing G and B factor matrices, we estimate the
participant’s factor matrix Q for the FCs from another imaging session ) . We then obtain an identifiability matrix
I by computing row-wise Pearson’s correlation between P and Q, and obtain a matching rate score through I.

In the following section, we discuss how matching rate is affected by the rank of the decomposition,
parcellation granularities, the scanning length of fMRI conditions, and under within- and between-
condition scenarios.

3. Results

For all eight fMRI conditions, the proposed fingerprinting framework was applied to two main
settings. First, when test and retest FCs correspond to the same fMRI condition (within-condition
fingerprinting). Second, when combining resting-state FCs with task FCs (between-condition finger-
printing). For the aforementioned settings, we further investigated the impact of brain parcellation rank
and participant rank on Tucker decomposition and subsequent fingerprinting, and whether scanning
length duration has a significant effect on matching rates. Given that no significant increase in match-
ing rate was observed when comparing parcellation granularity 414 to 814 in the within-condition
analyses (see Figure 2), we restricted our between-condition analyses to parcellation granularity of 414.
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Figure 2. Within-condition fingerprinting comparisons between highest matching rate obtained with Tucker
Decomposition (TD) and with original FCs for all fMRI conditions and parcellation granularities.

3.1. Evaluating the Impact of Brain Parcellation Rank and Participant Rank on Fingerprinting

To obtain a holistic view of how brain parcellation rank and participant rank affect fingerprinting,
we computed matching rates under different combinations of both ranks for all fMRI conditions.
Results shown in Figure 3 indicate that higher brain parcellation ranks led to higher matching rates
compared to lower brain parcellation ranks. However, the impact of the participant rank on matching
rates depends on the fMRI condition. Specifically, with Emotion and Motor tasks we can achieve near-
optimal matching rates with a participant rank of 300 or higher, while for all the other fMRI tasks we
achieve near-optimal matching rates earlier, starting at participant rank of 150. Resting-state matching
rates were the highest among all fMRI conditions, reaching optimal scores starting at participant rank
100, with 100% matching accuracy. In contrast, Emotion had the lowest matching rate.
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Figure 3. Brain parcellation rank and participant rank effects on matching rate for all eight fMRI conditions,
ordered by scan length (represented by the number of time points “TPs” in their time series) for granularity of
Schaefer parcellation 414. For each condition, the fingerprinting framework is applied in both test—retest and
retest—test directions. Each curve illustrates the average matching rate computed across both settings at each
combination of brain parcellation ranks and participant ranks.

3.2. Within-Condition Fingerprinting

The concept of within-condition fingerprinting reflects the ability to correctly match two scans
of the same participant when all evaluated scans belong to the same fMRI condition. With our
fingerprinting framework, we obtained a substantial increase in matching rate across all considered
parcellation granularities relative to vectorized original FCs, which were adopted as baseline. For
original FCs, identifiability matrices were obtained by computing pairwise Pearson’s correlation
between test and retest vectorized upper triangular original FCs. In Figure 2, we show, for each
condition, the highest matching rate obtained for all possible combinations of brain parcellation rank
and participant rank. The highest matching rate increase with respect to original FCs was observed
for parcellation granularity of 214, for which our framework generated an increase in fingerprinting
accuracy ranging from 11% (Language) to 36% (Emotion). Resting-state matching rates were the highest
in all parcellations, achieving 100% for all parcellation granularities. Our fingerprinting framework
was carried out by inputting a tensor consisting of test FCs while estimating the participant’s factor
matrix of a tensor consisting of retest FCs and vice versa. In this section, we report the averages
between both procedures.

3.3. Between-Condition Fingerprinting

Between-condition fingerprinting measures the degree to which we can match, for each par-
ticipant, a scan from one fMRI condition to their scan from another fMRI condition. Using our
fingerprinting framework, we estimate the participant factor matrix from a tensor consisting of task
(test) fMRI by inputting a tensor consisting of resting-state (retest) FCs. Given that the scanning length
of resting-state is substantially longer than the length of all fMRI tasks, we consider two scenarios
when estimating resting-state FCs: i) using the full resting-state time series and ii) matching (hence
reducing) the number of timepoints in the resting-state time series to the duration of each task (e.g.,
when pairing with Emotion task, resting-state FCs are computed using 166 out of the total 1190 time
points). In the latter case, we further explore two strategies for sampling time points of the resting-state
scan: i) randomly sample time points, and ii) randomly sample a starting time point in the range of
[1,1190 — length(task)] and take the randomly sampled starting time point and its length(task) — 1
consecutive time points.

3.3.1. Between-Condition Fingerprinting with Resting-State Full Scanning Length

The between-condition matching rates when resting-state FCs are estimated using the time series
of the full scanning length are shown in Figure 4. Matching rates ranged from 76% (Relational) to 91%
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(Language). In Figure 4, we observe a high sensitivity to brain parcellation rank, with 414 being the
optimal rank. Comparatively, matching rate also benefits from a higher participant rank. However,
the degree to which this occurs is task dependent (i.e., a participant rank of 350 is nearly optimal for
Emotion, but for Relational there is a clear benefit in going up to rank 426). In Figure 5, we observe
a major increase in between-condition matching rates using Tucker decomposition when compared
to original FCs. The procedure used for computing the identifiability matrix for original FCs in the
between-condition setting was analogous to the one in the within-condition setting. Matching rate
improvements obtained with Tucker ranged from 43% (Relational) to 72% (Language).
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Figure 4. Brain parcellation rank and participant rank effects on between-condition matching rate for granularity

of Schaefer parcellation 414. For each condition, an input tensor of retest resting-state FCs derived from the full
scanning length is used to estimate the test task fMRI participant factor matrix.
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Figure 5. Comparison between highest between-condition matching rates obtained with our fingerprinting
framework based on Tucker Decomposition and original FC matrices for granularity 414.
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3.3.2. Between-Condition Fingerprinting with Resting-State Matched-to-Task Scanning-Length

In order to account for scanning length effects, the between-condition matching rate results were
obtained when resting-state FCs are estimated by matching the time-series length to each fMRI task.
Results are shown in Figure 6. For this analysis, we fixed the brain parcellation rank to 414, which
was the optimal choice in terms of fingerprinting as shown in Figure 4. For each participant rank
across all between-condition settings, we computed matching rates with 100 different samplings of
time points for the resting-state time series. In Figure 6A, we display the results of randomly sampling
an initial time point and choosing the remaining time points to be consecutive to it. In Figure 6B, we
display the results of randomly sampling all time points. When comparing both sampling strategies,
randomly sampling all time points is a more robust and effective approach in terms of fingerprinting,
as measured by the standard deviation and mean of each box plot.
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Figure 6. Matching rate results obtained via Tucker decomposition using reduced time-series to estimate resting-
state FCs for the between-condition setting. Results of 100 random sampling trials are shown for parcellation
granularity of 414 and brain parcellation rank of 414. A. Rest (retest) - task (test) matching rate results when,
starting with a randomly sampled time point, consecutive time points are used to construct resting-state FCs. B.
Matching rates when randomly sampled time points are used to construct resting-state FCs.

4. Discussion
4.1. Brain Parcellation Rank and Participant Rank Effects on Fingerprinting

As shown in Figure 3, compressing the brain parcellation information is detrimental to finger-
printing, as the highest matching rates were obtained with a brain parcellation rank of 414. In contrast,
compressing the participants specific dimension overall preserves matching rate, as shown by the high
matching rates obtained with participant rank as low as 150 for Relational, Gambling, Social, Language,
Working Memory, and Resting-State, and rank of 300 for Emotion and Motor. The results from this
analysis imply that the dimension of the participants information, represented by the participants
rank, can be considerably compressed into a lower dimensional space while preserving fingerprinting.
This indicates that the number of connectivity patterns needed to preserve fingerprinting is signifi-
cantly smaller than the cohort size. Instead, each individual functional connectome is composed of
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a unique presence of such functional connectivity patterns. This is because Tucker decomposition
decomposes each FC into a weighted sum of underlying functional connectivity patterns, with the
weights being the entries in each row vector of the participant factor matrices. It is noteworthy that the
percentage of compression found in our results is most likely cohort-size dependent, and hence cannot
be extrapolated to other cohort sizes.

4.2. Within-Condition Fingerprinting

The within-condition results shown in Figure 2 validate the existence of a functional connectome
fingerprint while showing that a Tucker decomposition based framework is an effective method for
uncovering such fingerprints when compared to non decomposed functional connectomes. Notably,
our framework yielded substantially higher matching rates than the ones obtained with original
FCs for parcellation granularity 214, for which fingerprinting was particularly low (ranging between
37 — 83%). Overall, the matching rate gain brought by Tucker decomposition is higher for lower
granularity parcellations.

4.3. Between-Condition Fingerprinting

During resting-state, as opposed to the fMRI tasks, participants are not engaged in any particular
stimulus. Hence, with between-condition fingerprinting, we are, in a way, evaluating how similar are
the resting-state FCs of participants when compared to their corresponding (engaging) task FCs. To do
so, we first learn “default” functional connectivity patterns common to all participants, as represented
by the brain parcellation factor matrix derived from the Tucker decomposition of a tensor consisting
of resting-state FCs for all participants. Then, when estimating the individual factor matrices for a
task fMRI tensor, we identify the underlying resting-state functional connectivity patterns for each
participant while engaged in a task. Note that in this case, fingerprinting is more challenging compared
to the within-condition setting. Nevertheless, as shown in Figure 5, we were able to significantly
increase matching rate relative to using original FCs. Notably, Language is the fMRI condition that
showed the smallest fingerprint with the original FC, but the highest by Tucker decomposition.

4.3.1. Times Series Sampling Effects on Between-Condition Fingerprinting

When utilizing the full time series of Resting-State to compute the participants FCs, we obtain
promising matching rate results, as highlighted in Figure 5. Interestingly, even though Emotion is the
shortest task (166 time-points), between-condition matching rate results are higher than for many of
the other (longer) tasks. This might indicate a higher similarity of Emotion FCs to resting-state FCs. For
the between-condition analysis, results suggest that matching rates are far more sensitive to changes
in the brain parcellation rank as compared to the within-condition setting. This is evident from the
significant increase in matching rates observed with a brain parcellation rank of 414 compared to the
other ranks.

We also explored the effect of reducing the resting-state scanning length to match the duration of
each task. The rationale behind doing so was to determine whether the full scanning length is necessary
to extract the “key features” required for obtaining a fingerprint. From both sampling procedures
carried out in this study, it is clear that sampling consecutive time points was not an optimal strategy
for fingerprinting. Comparing the results of 6A and 6B, we see that randomly sampling time points of
resting-state scans is not only more effective than sampling them consecutively, but also as effective
as constructing resting-state FCs using the full scan length. This result aligns with the fingerprinting
improvements seen when sub-sampling edge time-series frames [41].

4.4. CP vs. Tucker Interpretability on Fingerprinting

Both CP and Tucker decomposition are commonly used tensor decomposition techniques for
dimensionality reduction and feature extraction purposes. In the context of fingerprinting, although
less computationally expensive, CP falls short due to two key reasons. First, the assumption that
the original high-dimensional data can be reconstructed using non-interacting components is too
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restrictive, as we know that there are innate interactions between brain regions under a functional
connectivity standpoint [42]. Second, due to CP decomposition being a single rank decomposition, we
cannot freely explore the dynamics of compressing the different dimensions of the data. Conversely,
the Tucker’s core plays a pivotal role in capturing the interactions between components while giving us
the flexibility to explore how different levels of compression of the brain parcellation and participants
information affect fingerprinting, thus overcoming both drawbacks of CP decomposition. However,
associating the factor matrices derived from Tucker decomposition to functional connectivity patterns
is non-trivial due to the existence of the core tensor [21], which captures several interactions between
the components from each factor matrix.

4.5. Limitations and Future Work

Our study has limitations. As mentioned above, there is no trivial way to interpret the factor
matrices derived from Tucker decomposition due to the existence of a core tensor that captures the
many interactions between all factor matrices [21]. Another limitation of our methodology is that the
core and the factor matrices obtained from Tucker decomposition cannot be updated on demand if a
new participant FC were to be included in our dataset. Rather, we would have to recompute the Tucker
decomposition and perform the entire fingerprinting framework again. To address the interpretability
challenges posed by Tucker decomposition, future work could explore ways to make the core tensor
sparse while aiming to preserve or maximize FCs fingerprint.
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