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Functional connectivity (FC) profiles contain subject-specific features that are conserved across time and have potential to capture
brain–behavior relationships.Most prior work has focused on spatial features (nodes and systems) of these FC fingerprints, computed
over entire imaging sessions. We propose a method for temporally filtering FC, which allows selecting specific moments in time
while also maintaining the spatial pattern of node-based activity. To this end, we leverage a recently proposed decomposition of
FC into edge time series (eTS). We systematically analyze functional magnetic resonance imaging frames to define features that
enhance identifiability across multiple fingerprinting metrics, similarity metrics, and data sets. Results show that these metrics
characteristically vary with eTS cofluctuation amplitude, similarity of frames within a run, transition velocity, and expression of
functional systems.We further show that data-driven optimization of features thatmaximize fingerprintingmetrics isolatesmultiple
spatial patterns of system expression at specific moments in time. Selecting just 10% of the data can yield stronger fingerprints than
are obtained from the full data set. Our findings support the idea that FC fingerprints are differentially expressed across time and
suggest that multiple distinct fingerprints can be identified when spatial and temporal characteristics are considered simultaneously.
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Introduction
A key effort toward improving personalized neuroscience
starts with defining which features of brain data are
characteristic of individuals and how these features
change across time and brain states (Mueller et al. 2013;
Dubois and Adolphs 2016; Finn and Todd Constable
2016; Amico and Goñi 2018; Liu et al. 2018a; Elliott
et al. 2019; Zuo et al. 2019; Gratton et al. 2020; Parkes
et al. 2020). Functional connectivity (FC), a measure of
correlated blood oxygen level–dependent (BOLD) activity
between brain regions, is particularly suited for this
task since it can capture coordinated activity across the
cortex both at rest and in response to stimuli (Friston
et al. 1994; Rogers et al. 2007). Using this technique,
individuals can be identified from a larger group of
subjects, implying there are reliable subject-specific
features in FC data (Mira-Dominguez et al. 2014; Finn
et al. 2015, 2017; Vanderwal et al. 2017; Waller et al. 2017;
Amico and Goñi 2018; Peña-Gómez et al. 2018; Horien
et al. 2019; Jalbrzikowski et al. 2020; Jo et al. 2021b). These
individual specific features, referred to as “fingerprints,”
have already been linked to predictions of cognition
(Cole et al. 2012; Rosenberg et al. 2015; Yamashita et al.
2018; Fong et al. 2019; Rosenberg et al. 2020; Sripada
et al. 2020), personality (Adelstein et al. 2011; Hsu
et al. 2018; Nostro et al. 2018; Dubois et al. 2018a), age

(Dosenbach et al. 2010; Cabral et al. 2017; Liem et al. 2017;
Nielsen et al. 2019), and disease phenotype (Lynall et al.
2010; Plitta et al. 2015; Emerson et al. 2017; Lake et al.
2019; Svaldi et al. 2021). However, distinctive variations
in FC can originate from the stable functional differences
between individuals, anatomical differences, within-
subject variability across runs, or from differences in
artifact or data acquisition (Power et al. 2012; Airan
et al. 2016; Siegel et al. 2017; Bari et al. 2019; Noble
et al. 2019; Botvinik-Nezer et al. 2020; Lynch et al. 2020;
Noble et al. 2021). To properly compare FC between
individuals or groups, stable trait-like attributes for a
given task must be distinguishable from other sources of
variation. Currently, the exact neurobiological bases of
these fingerprints remain unclear. Isolating the specific
features driving individual differences in FC patterns will
be essential in determining the origins of these variations
and the source of predictive qualities in functional
magnetic resonance imaging (fMRI) data.

Past work has found that individual differences in FC
are spatially heterogeneous and display a nonuniform
distribution across time. Although it has been found
that fingerprinting features are highly distributed across
the cortex (Pannunzi et al. 2017; Dubois et al. 2018b;
Byrge and Kennedy 2019), many individualized features
seem to be concentrated within select spatial regions
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such as the frontoparietal (FP), attention, and default
systems (Mira-Dominguez et al. 2014; Finn et al. 2015;
Airan et al. 2016; Amico and Goñi 2018; Gratton et al.
2018; Peña-Gómez et al. 2018; Ravindra et al. 2021; Sareen
et al. 2021). Greater identifiability of these regions likely
results from the evolutionary expansion of association
cortices in humans, allowing increased phenotypic
variability within areas largely “untethered” from strong
developmental constraints present in conserved sensory-
motor regions (Buckner and Krienen 2013; Mueller et al.
2013). Of these, many individual differences of interest
to behavior are attributable to features that sufficiently
differ from group shared modes of activity but are
not so rare as to relate to within-subject variability or
spurious connections (Amico andGoñi 2018).While these
approaches consider all time points across the entire
run, parallel efforts have gone toward determining both
when and how specific regions or edges contribute to
fingerprinting. So far, we know that subject-specificity
of whole brain FC changes over time (Peña-Gómez et al.
2018), that functional networks and relation to behaviors
manifest at different windowing lengths (Van De Ville
et al. 2021), and that consistent states of activity patterns
can be estimated for individuals across time (Vidaurre
et al. 2017). These temporal approaches have focused on
the dynamics of state transitions across time based on
group-defined states and temporal windowing, which
blurs patterns of spatial connectivity (Hindriks et al.
2016; Shakil et al. 2016; Preti et al. 2017; Esfahlani et al.
2020). Thus, most efforts so far have been unable to
simultaneously pinpoint temporally and spatially precise
features of subject-specific fingerprints at the resolution
of single nodes and time points.

Recent work has introduced a method for decom-
posing FC (computed as the Pearson correlation across
all time points) into moment-by-moment, single repeti-
tion time (TR) cofluctuation patterns called edge time
series (eTS; Faskowitz et al. 2020). Using this technique,
individualized patterns of FC appear to load onto time
points with high cofluctuation amplitude, which drive
full resting-state FC estimates (referred to as “events”;
Esfahlani et al. 2020; Jo et al. 2021a; Betzel et al. 2022).
In parallel, Sporns et al. (2021) showed that filtering
the time series based on framewise similarity to bipar-
titioned, system-based templates yielded varying lev-
els of individual differences for specific templates (such
as cofluctuations in the FP or ventral attention [VAN]
networks). While high-amplitude cofluctuations express
greater subject identification than low-amplitude frames
(Esfahlani et al. 2020), many of the system-based tem-
plates with high fingerprinting capability display a range
of cofluctuation amplitudes that are not yet analyzed.
It remains unclear how individual differences systemat-
ically vary across framewise attributes (such as cofluc-
tuation amplitude or system template expression), what
features characterizemaximally identifiablemoments in
time, and whether there are identifiable features within
FC normally obscured by high-amplitude events.

We expand on this prior work by asking: (i) Does
the expression of FC fingerprints vary from moment
to moment, at single TR resolution? (ii) If so, what
characterizes these moments in terms of cofluctuation
amplitude and functional system expression? (iii) Are
the patterns found at these moments consistent across
individuals and data sets? and (iv) Which features
are revealed by data-driven optimization aiming to
maximize subject identifiability? We show that iden-
tifiability differs systematically with cofluctuation
amplitude, similarity with other frames in the run,
and velocity of transitions between frames. Findings
are largely consistent across different metrics of cross-
subject similarity or distance and across 2 independent
subject cohorts. Fingerprinting measures also varied
with the level of expression of functional systems,
again consistent across different metrics and subject
cohorts. Lastly, we employed an optimization strategy to
pinpoint both specific node sets and moments in time
when subject-specific signatures of FC are maximally
expressed. Optimizations converge onto 2 distinct sets
of nodes in FP and VAN systems, and on specific sets
of frames distributed across time, with high consistency
across subject cohorts and robust crossvalidation against
held-out data. Optimized frame sets, despite comprising
just 10% of the data, can capture stronger connectivity
fingerprints than those obtained by using all data. Our
findings document that individual differences in FC are
distributed across both space (regions) and time (frames)
and strongly suggest that FC data contain multiple
spatiotemporal signatures of individual differences. We
discuss our findings with special emphasis on brain–
behavior relations and potential clinical applications.

Materials and methods
Approach and workflow
The main approach and workflow pursued in this study
is illustrated in Fig. 1 and an overview is provided in this
section. Details on each step are reported further below.

For each run of every subject, we computed the eTS
as the moment-by-moment cofluctuation of the node-
wise BOLD signals (Faskowitz et al. 2020). This process
decomposes the time series into a matrix of all edges
by time, where each frame displays cofluctuations in
BOLD signal between every pair of nodes (Fig. 1A, top
left). Averaging across eTS frames returns standard nodal
functional connectivity (nFC) (Fig. 1A, top right). Thresh-
olding z-scored BOLD time series yields a binary repre-
sentation of the fMRI run (BOLD signal> 0 → 1; BOLD
signal<0 → 0) with exactly 2 cofluctuating node sets
at each frame, whose agreement (AG) matrix is highly
correlated with the full FC (Fig. 1A, bottom; Sporns et al.
2021). Past work on spatially localizing brain “finger-
prints” (Finn et al. 2015) can be viewed as “horizontally”
filtering the BOLD time courses across node sets, com-
prising a set of between-node edges, observed across
all moments in time (Fig. 1B, top). By contrast, here, we
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Fig. 1. Analysis and schematic workflow. A) Top: eTS forming a [K × T] matrix, the mean of which, along T, is the “classic” [N × N]nFC matrix. Bottom:
z-scored node time series thresholded at z=0 yield a [N × T] matrix of bipartitions. The AG matrix of these bipartitions is very highly correlated with
the nFC (Sporns et al. 2021). B) Top: Nodewise “filtering” proceeds by selecting specific nodes and their corresponding edges (rows in the eTS matrix).
Computing their component nFC across all T time points may then be used for fingerprinting (Finn et al. 2015). Bottom: Framewise “filtering” proceeds
by selectingmoments in time (columns in the eTSmatrix, corresponding to frames), which are then averaged in the T-direction to create FC components
(FCc). If bipartitions are used, the frames’ bipartitions are used to create AG components by computing the corresponding AG matrix. C) Selection of
frames. Examples shown are RSS time series (top plots) and MI of bipartitions with a target template (bottom plots). In both cases, the top 10% of frames
are selected and FC components are computed by averaging eTS at selected time points. D) FC or AG components derived from individual subjects are
stacked (N×N× S; top panels) and then vectorized (K× S) for individual runs. A crossrun similarity matrix is computed (S× S) for each pair of runs and
scored for Idiff or Acc (bottom panels).

filter the BOLD time courses “vertically,” i.e. by selecting
specific moments in time across the whole brain (all
edges) (Fig. 1B, bottom). Frame selection can be random
or driven bymetrics that track cofluctuationswithin spe-
cific node sets or systems (Fig. 1C). We refer to matrices
created from filtered frames as FC components, or analo-
gously, AG components. Although not reflective of proper
FC (averaged across a full set of consecutive frames),
an FC component provides a matrix identical in struc-
ture which can be used to analyze temporally disparate
frames highlighting a given characteristic of interest.
This allows us to consider individual differences in fin-
gerprints simultaneously both in time and across node
sets as they vary their temporal expression. With this,
we can systematically analyze how different features
and spatiotemporal cofluctuation patterns contribute to
subject identifiability.

Selection of frames can be carried out randomly, or
based on a metric of interest, followed by selecting a
subset of fully weighted eTS frames by the percent-
age desired for the given metric. Utilizing the single TR
resolution of eTS, each frame can be scored based on
characteristics derived directly from its cofluctuation
matrix. In this study, values of the root sum square
(RSS), similarity of frames within a run (SIM), velocity
of transition between adjacent frames (VEL), and the
mutual information with system-based templates were
characterized for each frame. Framewise scores can then
be binned into frame sets of any size. Here, we sectioned
frames into decile bins from the highest to lowest repre-
sentation of each metric and reaggregated frames within
each bin into FC/AG components. We then took FC/AG
components from each run of every subject and com-
puted subject-wise similarity/distance matrices (Fig. 1D)
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across pairs of runs (HCP: 6 pairwise combinations from
4 runs; MSC: 45 pairwise combinations from 10 runs).
This was done for each decile bin of every framewise
metric analyzed. No runs were pooled or concatenated,
and pairwise comparisons of subjects on the same run
were excluded. We used two of the most common dis-
tance/similarity metrics: (i) Pearson correlation and (ii)
cosine distance.

Fingerprinting metrics were then computed on each
frame set (FC/AG component) of these similarity matri-
ces using 2 separate metrics referred to in the liter-
ature (Finn et al. 2015; Amico and Goñi 2018) as: (i)
differential identifiability (Idiff ) and (ii) accuracy (Acc).
Idiff is computed by taking the difference between the
average within-subject similarity versus the average
between-subject similarity of FC/AG components across
runs. Alternatively, Acc computes the success rate of
subjects who scored highest similarity with their own
FC/AG components than with other subjects. Each of
these fingerprinting metrics gives us a single score for
every pairwise comparison, and we averaged across the
results from all combinations for each given metric bin.
Summary results across all pairwise comparisons were
then compared to circ-shifted nulls. These nulls were
created by selecting a different subset of frames retaining
the time stamps obtained in the binning step but by
adding/subtracting a randomly chosen temporal offset
for each given subject, run, metric, and bin. This process
produced FC/AG components from time points with very
similar autocorrelation and temporal spacing. However,
the circ-shift operator does not simultaneously preserve
any other framewisemetrics, including the cofluctuation
amplitudes. A total of 20 nulls were computed, per decile
bin, subject, and run.

In place of preselected sets of system-based templates
as the basis for frame selection,we implemented a search
strategy to identify templates that, when applied to the
time series, selected frames for whichmetrics of identifi-
ability were optimized. Optimizations started with a ran-
domly chosen binary template used to select the frames
and then compute the identifiability. The template was
modified on each iteration of the algorithm, retaining
changes that resulted in increased identifiability and
discarding others.The algorithm implemented simulated
annealing (Metropolis et al. 1953; Kirkpatrick et al. 1983)
to improve convergence onto a globally optimal solution
andwas runmultiple times to sample different examples
of optimized templates. Parameter settings related to
the annealing schedule (initial temperature and cooling
rate) were varied to ensure reliable convergence. To avoid
overfitting, the algorithm was run on a test set of 48
subjects (comprising a random selection of half of the
total sample) and was then applied to the 47 held-out
subjects. Runs were carried out using different objective
functions (identifiability and accuracy), using multiple
random splits into training and testing data, and were
carried out on both data sets (MSC data were split into
sets of 5 runs each).

In summary, temporal filtering involves computing
eTS, sorting frames based on framewise metrics of inter-
est, retaining a selected subset (e.g. the top 10%) of
frames, and averaging (FC component) or taking the AG
matrix (AG component) of the selected frames. In this
study, Idiff and Acc were computed for FC and AG com-
ponents of all RSS, VEL, SIM, and template deciles across
multiple data sets using 2 different distance/similarity
metrics (Pearson correlation, cosine distance). An opti-
mization approach was further used to guide the selec-
tion of frames that contribute the most toward identifia-
bility and accuracy.

Participants and MRI preprocessing
The preprocessing and analysis steps were carried out
on data from the Human Connectome Project (HCP;
Van Essen et al. 2013). We used resting-state fMRI data
from the preselected set of 100 unrelated participants
(54% female, mean age= 29.11±3.67, age range=22–
36), which was approved by the Washington University
Institutional Review Board. Informed consent was
obtained from all participants, and they were instructed
to keep their eyes fixated on a cross when in the
scanner. Each participant completed 4 15-min resting-
state fMRI runs over a period of 2 days, where 2 runs
were collected on each separate day. fMRI data were
obtained using a gradient-echo EPI sequence, resulting
in a run duration of 14:33 min per run (TR=720 ms,
echo time (TE)= 33.1, flip angle=52, 2-mm isotropic
voxel resolution, multiband factor=8). A 3T Siemens
Connectome Skyra with a 32-channel head coil was
used for data collection. Refer to Glasser et al. (2013)
for full details about the data acquisition and the
minimal preprocessing pipeline. Four subjects were
excluded based on outlier motion summary statistics
(see Sporns et al. (2021), and 1 subject was excluded
due to software error from diffusion magnetic resonance
imaging (dMRI) processing). The 95 included subjects had
the following demographic characteristics: 56% female,
mean age=29.29± 3.66, age range= 22–36. The data had
been previously preprocessed for another study and
thorough details can be found in Sporns et al. (2021)
and Esfahlani et al. (2022).

Data from the Midnight Scan Club (MSC) was used as
a confirmation analysis and had also been collected with
parameters detailed in Gordon et al. (2017) and is publicly
available at https://openneuro.org/datasets/ds000224/
versions/00002. Data included 10 healthy, young adult
participants (50% females; age range=24–34) who were
recruited at Washington University. Informed consent
was obtained from each participant and the study
was approved by the Washington University School of
Medicine Human Studies Committee and Institutional
Review Board. A Siemens TRIO 3T MRI scanner was used
over 12 separate runs at midnight and collected over
multiple days. Ultimately, 5 h of resting-state fMRI data
were collected for each participant. The data were run
through fMRIPrep (version 20.2.0) to obtain minimally
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preprocessed functional data in the fs_LR surface space.
Please refer to Esteban et al. (2019) for a description
of the processing pipeline and to https://fmriprep.
org/en/20.2.0/citing.html for a complete description
of this version of the image processing pipeline. The
pipeline was run using the following options: FreeSurfer
(version 6.0.1); “fieldmap-less” susceptibility distortion
correction; the NKI skull stripping template; slice-time
correction; 6◦ of freedom for the BOLD-T1w coregistra-
tion.

All functional data were linearly detrended, band-pass
filtered (0.008–0.08Hz) (Parkes et al. 2018), confound-
regressed, and standardized using Nilearn signal.clean.
Functional data of the HCP data set were already pro-
vided in a form that was cleaned of signal artifacts using
the ICA FIX methodology (Salimi-Khorshidi et al. 2014).
These functional data were further nuisance-regressed
using the global signal, the derivative of this signal, and
the squares of these previous 2 terms. Functional data
of the MSC data were nuisance regressed using 6 motion
estimates, time series of the mean cerebrospinal fluid,
mean white matter and global signal, the derivatives of
these 9 regressors, and the squares of these previous 18
terms (Satterthwaite et al. 2013).

For obtaining regional time series, we employed the
Schaefer 200 functional parcellation (Schaefer et al.
2018), a parcellation constructed to optimize the local
gradient and global similarity of the fMRI signal within
nodal areas. For both data sets, the Schaefer 200 parcel-
lation was provided in the fs_LR surface space.Nuisance-
regressed functional data were averaged within each
node at each frame, forming 200 spatially distinct time
series. We mapped the 200 nodes to a set of canonical
functional networks determined by Yeo et al. (2011).
Specifically,we used seven canonical functional systems:
visual (VIS), somatomotor (SOM), dorsal attention (DAN),
ventral attention (VAN), limbic (LIM), frontoparietal (FP),
and default mode (DMN).

FC and eTS
FC in fMRI measures the statistical dependencies
between the BOLD time series of every pair of brain
regions. One definition of the Pearson correlation is that
it is the mean of the moment-by-moment product of the
normalized (z-scored) time series, calculated as

rij = 1
T − 1

∑T

t=1
zi(t) ∗ zj(t), (1)

where there are T samples for each moment in time (t)
and the z-score for a region x is represented as zx = [zx(1),
. . . , zx(T)]. This results in a linear similarity that can be
either positive or negative.When computed for each pair
of regions, this produces an [N×N] matrix, whereN is the
number of nodes (brain regions). Due to the symmetry
of the correlation matrix, the upper triangular portion of
the matrix is vectorized into all unique entries, K = (

N2 −
N

)
/2, and used in the following FC analyses.

eTS decomposes FC into a [K×T] matrix of all edges (K)
by time (T), where each frame at time t displays cofluc-
tuations in BOLD signal between every pair of nodes
computed as zi(t) ∗ zj(t) (cf. Fig. 1A, top); (Faskowitz et al.
2020). Themeasure can be best thought of as the Pearson
correlation excluding the final averaging step. A single
entry in the matrix of eTS represents the instantaneous
product between the respective time series of a given
node pair, i.e. each edge corresponds to a single node
pair. Cofluctuation is positive when the signs of the 2
activity values agree (both positive, or both negative) and
negative otherwise. Averaging cofluctuations across time
for all edges returns standard nFC.

Bipartitions and AG matrices
The eTS can be binarized by removing amplitude and
retaining the sign, resulting, at each temporal frame, in a
series of bipartitions (Sporns et al. 2021). Each bipartition
consists of exactly 2 sets of nodes that divide the network
into 2 opposing communities of regions that positively
cofluctuate within their own community but negatively
cofluctuate across communities. Binarized eTS frames
can be converted into an [N × N] matrix by computing
an AG matrix across all or a subset of frames. This AG
matrix, also called coclassification matrix (Jeub et al.
2018), expresses the frequencywithwhich each node pair
is assigned to the same community. Each binarized eTS
frame constitutes a bipartition. For each such bipartition
we record, for each of the [N×N] node pairs, whether the
2 nodes are in the same community. The mean (over all
T partitions) of such “agreements” in community mem-
bership constitutes the AGmatrix. These values are com-
pared to a null by subtracting the expected frequency of
nodes identifying with the same community after group
labels have been randomly permuted (Jeub et al. 2018).
Thus, a node pair that maintains the same cofluctuation
patterns across most frames (exceeding the null) will
result in a positive entry in the AG matrix, while a node
pair that often differs in community labels (with less AG
than expected by chance) will produce a negative entry.
Despite removing all signal amplitudes and retaining
only the signs of interaction terms, the resulting AG
matrix is very highly correlated with standard nFC when
computed across the full eTS (Sporns et al. 2021).

Framewise metrics
All eTS frames for each subject and every run were
assigned values for each of the following framewise met-
rics.

Cofluctuation amplitude (RSS), similarity (SIM), velocity
(VEL), framewise displacement (FD)

The RSS can be used to measure the overall amplitude of
cofluctuations across all node pairs for each eTS frame.
This metric summarizes the deviation from 0 of all edge
(node pair) cofluctuations. High RSS would signify that
the cofluctuations of most node pairs in that frame
display high positive or negative cofluctuations. A low
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RSS value would imply that most node pairs exhibit
smaller cofluctuations. The square of each cofluctuation
is calculated and summed across all edges within an eTS
frame, and a single RSS value is assigned to eachmoment
in time.

Similarity (SIM) was computed as the average mutual
information, computed on bipartitions, between a given
frame and every other frame in the run. This operation
results in a mean SIM value for each moment in time, i.e.
a vector of length T. Mutual information is computed as
described previously (Rubinov and Sporns 2010; Sporns
et al. 2021).

Velocity (VEL) was computed as the similarity (cosine
distance) between the cofluctuation matrices of a given
frame and the frame preceding it in time. This operation
results in a vector of values of length T− 1, for each single
run of length T.

Framewise displacement (FD) was derived from the
preprocessing of the HCP and MSC data, resulting in a
single value for each frame of each run, i.e. a vector of
length T.

System-based templates

In binarized eTS, each moment in time can be defined as
bipartitioning the network into 2 complementary com-
munities. How nodes divide into these communities can
further be analyzed according to howwell each empirical
bipartition matches a set of template patterns that split
the network along combinations of functional systems
(Sporns et al. 2021). These template patterns account for
every combination of bipartitioning the network within
and between groups of 7 functional systems (Yeo et al.
2011). Given the canonical set of 7 systems, there are 7
templates that divide the set into 1 versus 6 systems, 21
templates that divide them into 2 versus 5 systems, and
35 templates that divide them into 3 versus 4 systems
for a total of 63 such templates. Mutual information
was computed for each frame with the full template set,
creating 63 mutual information time series for every run
and subject. Frame filtering was then used, as outlined
above, to isolate the top 10% of frames that best match
each template pattern.

Frame-shifted null
Each filtered decile bin was compared to an equal subset
of frames selected with random relation to the metric
of interest. This was done by shifting the index of all
frames for the given metric either to the right or left by
a random offset (chosen uniformly between a minimum
of 10 frames and a maximum of 1,090 frames for HCP
or 790 frames for MSC using Matlab’s circ-shift operator)
and selecting those offset frames for analysis. Frame
selection that extended beyond the bounds of the time
series were circularly shifted to the opposite end of the
time series. This largely maintained the general tem-
poral spacing and autocorrelation of the frames while
randomizing relation to the metric of interest. A set of
20 independent “circ-shift” nulls were created for each

decile, metric, and subject. To assess the magnitude of
autocorrelation in HCP and SC data, we calculated the
Pearson correlation between eTS frames, using lags of
−50 to +50 frames, over all subjects and all runs.

Cross-subject similarity/distance
FC and AG components that were created from all or
filtered eTS frames formed stacks of [N × N] matrices,
the upper triangles of which were converted into vectors
of size

(
N2 − N

)
/2. The similarity or distance between

subjects was computed between vectorized FC/AG com-
ponents of all S subjects across two separate runs (cf.
Fig. 1D). This creates an [S × S] matrix of the relation
between all pairs of subjects for a given pair of runs. Sim-
ilarity between components is assessed using 2 metrics,
the Pearson correlation, and the cosine distance.

Fingerprinting metrics
Identifiability was computed utilizing 2 measures that
assess whether an individual is more similar with them-
selves or with others across a pair of runs. These analyses
were done on the resulting similarity/distance matrices
described above, where the diagonal of each matrix rep-
resents the subject’s similarity with themselves across
runs and all off-diagonal values are combinations of
different subjects across the 2 runs. In Amico and Goñi
(2018), differential identifiability (Idiff ) was computed as

Idiff = (Iself − Iothers)∗ 100, (2)

where Iself refers to the mean of the diagonal elements
of the [S × S] distance/similarity matrix and Iothers is the
mean of the off-diagonal elements.

Accuracy (Acc) is computed as the frequency of all
subjects (95 total) that successfully identified with them-
selves across runs. This is done by determining whether
the value of the main diagonal (self-similarity) is the
maximum value across the rows and columns of the
matrix. Since the similarity/distance matrices are asym-
metric, this can be done separately across both columns
and rows of the matrix. In this work, to allow for a
single measure of success rate, we first symmetrized
the similarity/distance matrices and then computed a
single value for accuracy. Acc is a stricter metric than
Idiff as it is all-or-none compared to the continuous sim-
ilarity/distance scale used to compute Idiff . Since Acc is
bounded between 0 and 1, it can be directly interpreted as
the percentage of instances that subjects identifiedmore
strongly with themselves than with all others, evaluated
across all pairwise comparisons.

Optimization
In addition to using preconfigured templates to select
framesets for computing identifiability, we implemented
an optimization algorithm to automatically search for
templates that would yield framesets for which identifia-
bility metrics are maximized. The algorithm was carried
out on the AG components for reasons of computational
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expediency. Basically, starting from a randomly config-
ured template, the algorithm will apply the template to
all training data, select best matching frames, retrieve
them to create AG components for all subjects and all
runs, and then compute identifiability or accuracy. Then,
in a new iteration of the algorithm, the template is modi-
fied, and the identifiability or accuracy achieved with the
modified template is compared to the previous iteration.
If themetric improves, themodified template is retained.
Optimizations are run for 25,000 iterations to ensure that
a stable end state has been reached.

The possible space of templates (binary, composed of
N nodes) is large (2N) and cannot be probed exhaustively.
To search the space efficiently, we used an implemen-
tation of the Metropolis-Hastings algorithm (Metropo-
lis et al. 1953). At each iteration of the algorithm, the
current values of the objective function D (identifiabil-
ity or accuracy) are either accepted or rejected, with
rejection or acceptance governed by simulated annealing
(Kirkpatrick et al. 1983). New variants are accepted if
the objective function improves (better identifiability or
accuracy) or if the annealing criterion e−ΔD/Temp > R

(
0, 1

)

is fulfilled, where Temp refers to a simulated “tempera-
ture” and R

(
0, 1

)
is a random number uniformly drawn

from the [0, 1] interval. Essentially, the annealing crite-
rion allows suboptimal variants to pass as a function of
the current temperature. At high temperatures, the algo-
rithm will tend to reject local optima in favor of contin-
ued exploration, while at low temperatures, exploration
is limited to the immediate vicinity of the current best
solution. The temperature decays as Temp = T0Texp

h,
with parameters T0 and Texp selected to ensure conver-
gence in a reasonable time. The initial condition was a
completely random template, with each node belonging
to 1 of 2 communities with equal probability. On each
step of the optimization, ≥1 nodes were flipped, with the
number of flips determined by a normal distribution (fre-
quencies of 1, 2, and 3 element flips were 0.68, 0.27, and
0.04, respectively). Two different objective functions were
tested, identifiability and accuracy, both computed based
on the [S× S] Pearson correlation of the AG components.

Optimizations were run 24 times to sample differ-
ent examples of optimized templates. These templates
were then compared to each other as well as to the
63 canonical template set. The framesets selected by
these templates were examined for their cofluctuation
amplitude and for the consistency, across multiple opti-
mization experiments, with which specific time points
were selected.

To determine if templates with optimal identifiability
or accuracy could be successfully applied to held-out
data, we ran optimizations on a training set of subjects
(randomly chosen to comprise 48 out of the 95 total
set) and then optimized templates were tested on the
remaining subject set.

To check consistency with prior work carried out in
node space (Finn et al. 2015; Peña-Gómez et al. 2018),
optimizations were also conducted by selecting node sets

instead of framesets. This resulted in full FC estimates
for each node set, across all subjects and runs, which
were then used to compute identifiability and accuracy
metrics. Optimizations were implemented as described
above using a simulated annealing algorithm on nFC pat-
tern for specific (optimized) node sets. Initially, a random
node set of size “ns” (out of n=200) was selected, and in
subsequent iterations, nodes were swapped to optimize
the objective function. The final set of “ns” nodes was
retained for further analysis, and 96 optimizations were
carried out in total to determine robust convergence.
Results are reported for ns=40.

Results
Individual differences in full runs and in random
subsets of frames
Baseline values of differential identifiability

(
Idiff

)
and

accuracy (Acc) are shown for the full run and across
random frame subsets of increasing size (Fig. 2). Random
frame sets were chosen to establish how fingerprint-
ing metrics vary as sample sizes increase. It is known
that FC estimates improve with longer runs (Laumann
et al. 2015), so the quality of fingerprinting is expected
to vary based on number of frames alone. We selected
random sets of frames, with sets increasing in size from
55 to 1,045 frames in increments of 55. Each of these
random sample sizes (19 total) were turned into FC/AG
components and their identifiability scores were com-
pared against full nFC. Results from size-matched ran-
dom frames were used as a baseline for all filtered decile
analyses (see below). Random selections were performed
for 20 times for each of the 19 settings.

In general, both fingerprinting metrics improve as
frame sets increase in size up to around selecting half
of the entire run. This trend is observed regardless of
binarization (FC or AG), data set (HCP or MSC), and
similarity/distance metric (Pearson or cosine) (Fig. 2,
Supplementary Fig. S1). Although findings were largely
consistent across data sets, the MSC metrics were
higher than HCP across all measures. This resulted
in the Acc baseline for MSC achieving near-maximum
values for even the smaller frame bins, with a slight
decrease in the smallest subset (5% frames). This is
possibly due to the smaller size or composition of the
cohort, the length of resting-state runs, or differences
in the preprocessing pipeline. Subsequent analyses were
compared to baseline values specific to each measure.

Individual differences vary with cofluctuation
amplitude
A conspicuous feature of eTS is the occurrence of
intermittent, short-lasting bursts of high cofluctuation
(Esfahlani et al. 2020) computed as the RSS amplitude of
the system-wide cofluctuations. These “events” have rec-
ognizable, somewhat stereotypic topography, and involve
specific systems and brain-wide patterns (Esfahlani et al.
2020; Jo et al. 2021a; Sporns et al. 2021; Betzel et al. 2022).
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Fig. 2. Fingerprinting metrics in full data and in random samples of increasing size. Each panel displays average identifiability (Idiff ; panels A, B, E, F) or
accuracy (Acc; panels C, D, G, H) for random frame samples of varying percentages of the full run (in 5% steps or 55 frames). For each setting of sample
size, 20 random samples were taken (plotted in gray). Metrics are compared to those obtained from full data sets, either full FC or full AG (blue lines).
The panels show results for all combinations of either identifiability (Idiff ) or accuracy (Acc), FC or AG components, and data sets (HCP or MSC).

Here, we examine whether the magnitude and spatial
patterns of individual differences, computed from sub-
sets of fMRI frames, vary systematically with RSS ampli-
tude. Examples of individual and group RSS decile com-
ponents are shown in (Supplementary Figs. S2 and S3).

We found a marked decrease in identifiability with
lower RSS amplitudes in both data sets (Fig. 3). Similar
trends were found when cosine was used in place of
Pearson correlation to create the cross-subject similarity
matrix (Supplementary Fig. S4). The first 3 RSS decile bins
outperform the corresponding frame-shifted nulls and
achieve significantly higher results than the lowest RSS
decile bins for both the FC and AG components. For the
HCP data, none of the bins outperform the full FC/AG nor
randomly selected frames. The first few bins of the MSC
data, however, do outperform randomly selected frames.
For accuracy, RSS decile bins show a nonlinear relation-
ship in which accuracy peaks for the mid RSS deciles,
exceeding both the frame-shifted nulls and the random
frames (Fig. 3). Interestingly, this increase in accuracy for
midamplitude frames above the nulls largely disappears
in the AG components, implying that improvements in
accuracy may be largely based on reliable variations in
BOLD amplitude rather than the binarized pattern where
amplitude is discarded. Results in MSC reach near 100%
accuracy and show a decrease in accuracy within the
highest RSS decile. Once again, these trends are also
found using cosine distance (Supplementary Fig. S4).

Confirming and extending earlier results (Esfahlani
et al. 2020; Betzel et al. 2022), these findings show that
frames selected based on RSS amplitude show varying

levels of identifiability and accuracy. Further extending
the analysis, we examined the effect of RSS on both the
identifiability and accuracy by progressively removing
the RSS deciles in order of highest to lowest amplitude
(retaining 90% of the data, then 80%, then 70%, and so
forth). Results shown in Fig. 4 indicate that by removing
the highest RSS amplitude frames (containing most of
the significant RSS-amplitude peaks labeled “events”),
identifiability drops below null values while accuracy
improves. Indeed, while identifiability continues to drop
as more data are removed, accuracy reaches highest
levels (above the null permutations) and outperforms the
level attained with the full data set when the top 40%
RSS-amplitude frames are removed. This implies that
higher amplitude frames promote higher identifiability
while accuracy increases even above the levels afforded
by full FC upon removal of the higher-amplitude RSS
frames.

In summary, identifiability and accuracy distribute dif-
ferently across RSS values, with identifiability highest in
top-RSS frames and accuracy highest in mid-RSS frames.
Removing higher-amplitude RSS frames diminishes iden-
tifiability but boosts accuracy.

Individual differences vary with framewise
metrics
High-amplitude frames have been shown to exhibit
somewhat consistent topography (spatial pattern;
Esfahlani et al. 2020), are more stereotypic than low-
amplitude frames (Esfahlani et al. 2020; Sporns et al.
2021; Betzel et al. 2022), and represent moments in time
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Fig. 3. Variation of fingerprinting metrics with cofluctuation amplitude (RSS). Each panel displays average identifiability (Idiff ; panels A, B, E, F) or
accuracy (Acc; panels C, D, G, H) across subjects for each decile of frames from highest (RSS1) to lowest (RSS10) amplitude (red dots). The identifiability
or accuracy for 20 randomly circ-shifted nulls (gray dots) were computed separately for each decile. Size-matched random deciles (corresponding to
random samples of 10% of the frames) derived from baseline analyses (Fig. 2; green line) and full data sets (blue line) are shown for comparison. The
panels show results for all combinations of either identifiability (Idiff ) or accuracy (Acc), FC or AG components, and data sets (HCP or MSC).

when the spatial cofluctuation patterns are temporally
more stable (Sporns et al. 2021). To examine how
fingerprinting metrics vary in relation to these temporal
characteristics, we computed 2 additional framewise
metrics: similarity (SIM; computed as the mean mutual
information between each frame with all other frames
in the run) and velocity (VEL; rate-of-change between
frames computed as the cosine similarity between
temporally adjacent frames). Both are related to RSS,
with RSS and SIM showing a strong positive relationship
(ρ̂ = 0.555; mean Spearman’s ρ, all subjects, all runs,
HCP), RSS and VEL showing a strong nonlinear negative
relationship (ρ̂ = −0.693), and SIM and VEL showing a
strong negative relationship (ρ̂ = −0.469). Therefore, high
cofluctuation amplitudes largely occur during frames
that have the highest similarity across the run and
have the lowest velocity of frame transitions. These
relations likely follow from high RSS frames strongly
deviating from mean brain activity and therefore being
slower to transition toward and away from high RSS
activity patterns. This would cause adjacent frames
to become more similar and the rate of change to
decrease with increasing RSS. As expected, frames
filtered based on cofluctuation amplitude and similarity
within a run appear to yield comparable identifiability,
while velocity has a largely inverse relationship with
both metrics. High SIM frames outperform both nulls
and random frames for identifiability, while mid-SIM
deciles show the highest accuracy (Fig. 5). Lower VEL
deciles display the highest identifiability, while accuracy

peaks for the second and third deciles at levels above
full FC.

To account for possible effects of involuntary head
motion during scanning, we first examined whether
there is a systematic relationship between FD and
cofluctuation amplitude (RSS). As shown in prior work,
RSS and FD are uncorrelated and selecting subsets of
frames, for example, by binning RSS into deciles, does
not result in systematic variation of FD across bins
(Supplementary Fig. S5). Second, we treated FD as a
framewise metric used for filtering and binning frames.
Apart from the set of frames with the highest motion,
which shows a small negative deflection in both Idiff and
Acc, no systematic variation in fingerprinting metrics
is observed (Supplementary Fig. S6). Indeed, FD binning
results in values for Idiff and Acc which are very close
to those obtained for random samples of the same size
and overlap with frame-shifted nulls. Taken together,
these analyses suggest that FD has negligible impact on
fingerprinting metrics.

These results reveal that maximal identifiability and
accuracy display different frame characteristics, where
higher RSS, SIM, and lower VEL frames favor high
identifiability, while accuracy largely selects against
extremes associated with these framewise features.

Individual differences vary with temporal
expression of functional systems
A seminal finding in previous “fingerprinting” studies
showed that different functional systems, for example,
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Fig. 4. Variation of fingerprinting metrics after removal of high-amplitude frames. A) Average identifiability (Idiff ) and B) accuracy (Acc) are shown (red
dots). Bins progressively remove RSS bins (deciles), starting with the top decile (90% of frames retained), then removing the 2 top bins (80% of frames
retained), and so forth. Accordingly, frame sets decrease in size from left to right, starting with 90% of frames in sample 1 and decreasing by 10% each
consecutive sample until only 10% frames remain. Results in each bin were compared to 20 circ-shifted nulls (gray dots) and full FC (blue line). The
analysis is carried out in the HCP data set.

canonical resting-state networks (RSNs), such as those
originally reported by Power et al. (2011) and Yeo et al.
(2011), differentially contribute to individual differences
(Mira-Dominguez et al. 2014; Finn et al. 2015; Airan
et al. 2016; Amico and Goñi 2018; Gratton et al. 2018;
Peña-Gómez et al. 2018; Ravindra et al. 2021; Sareen
et al. 2021). We confirmed this finding in our data, with
high identifiability and high accuracy (above all 100
null permutations performed) found in the FP system
(Supplementary Fig. S7).

Prior work demonstrated that the expression of canon-
ical functional systems varies across time and can be
described with a template basis set using 63 combina-
tions of the 7 Yeo systems, where each template encom-
passes bipartitions between systems (Yeo et al. 2011;
Sporns et al. 2021; Fig. 6A and B). In Sporns et al. (2021),
we found that variations in system expression result
in fluctuations in fingerprinting metrics across time.
Here, we expand on these analyses by systematically
comparing template-based identifiability and accuracy
across the HCP and MSC data sets to determine if spe-
cific templates can consistently isolate more identifi-
able frames. As shown in Fig. 6C, we find a positive

relationship between HCP template identifiability and
accuracy (HCP: = 0.589, P = 3.7∗10−7; MSC: ρ = 0.614, P =
8.7∗10−8) and show that 14 templates have both higher
identifiability and accuracy compared to the null models
(across at least 5 of the 6 pairwise comparisons). Among
the best-performing templates, with a template-specific
Idiff that exceeds that for the full FC data, is template
24, which corresponds to cofluctuations within the VAN
plus FP systems, relative to the rest of the brain (Fig. 6B,
middle). The prominence of these 2 functional systems
is consistent with previous literature on “fingerprinting”
across full node time series (Mira-Dominguez et al. 2014;
Finn et al. 2015; Airan et al. 2016; Amico and Goñi 2018;
Gratton et al. 2018; Peña-Gómez et al. 2018; Ravindra
et al. 2021; Sareen et al. 2021). Both template-specific
fingerprinting metrics are significantly correlated across
both data sets (Idiff : ρ = 0.401, P = 0.001;Acc : ρ =
0.56, P = 3.6∗10−6), suggesting that template rankings
are preserved. Taken together, our findings suggest that
previously reported findings based on spatial filtering
(node or system selection while using full FC runs) may
largely be driven by moments in time where those nodes
and systems exhibit high cofluctuations.
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Fig. 5. Variation of fingerprinting metrics with SIM and VEL deciles. Each panel displays average identifiability (Idiff ; panels A–D) or accuracy (Acc;
panels E–H) across subjects for each decile of frames from highest to lowest similarity (SIM; panels A, B, E, F) or velocity (VEL; panels C, D, G, H), with
all data points indicated by red dots. SIM was computed for each frame as the mean mutual information between that frame and all other frames in
the run. VEL was computed for each frame as the cosine similarity between that frame and the preceding frame. Frame sets were selected by binning
frames into deciles for each metric. The average identifiability or accuracy for 20 circ-shifted nulls (gray dots) were computed separately for each decile.
Size-matched (10%) random samples from baseline analyses (Fig. 2; green line) and full data sets (blue line) are shown for comparison. The panels show
results for all combinations of either identifiability (Idiff ) or accuracy (Acc), FC or AG components, and metric (SIM or VEL). All data are from the HCP
sample.

Optimization of individual differences
The previous analyses have identified some key factors
that yield strong individual differences in space (node
sets specific to functional systems; Finn et al. 2015) and
in time (subsets of frames selected according to different
temporal criteria; Amico and Goñi 2018). In this final sec-
tion, we deploy identifiability and accuracy as objective
functions in a data-driven search algorithm to identify
node sets (see also Peña-Gómez et al. 2018) andmoments
in time that yield optimal “fingerprinting.”

Figure 7 shows findings from optimizations that
search node space. Optimizing Idiff yields 2 distinct sets
of solutions. Highest Idiff is found with a fingerprint that
centers mainly on the VAN system, entirely excluding
participation of FP nodes (pattern “P1”; Fig. 7A). A second,
somewhat less optimal fingerprint, is centered on the FP
system with participation from other systems, including
LIM, DMN, and VAN (pattern “P2”; Fig. 7A). Optimizing
Acc, in turn, yields a single family of solutions (Fig. 7B)
whose average regional and systems profile centers on
FP, DMN, LIM, and VAN, strongly resembling pattern “P2”
found when optimizing Idiff . Results are robust across
different sizes of node sets, with results for 40 nodes, as
shown in Fig. 7. Comparable, though smaller, patterns
are seen for sets of 30, 20, and 10 nodes (data not
shown).

Figure 8 shows findings from optimizations that
search over frames (time) by varying a binary template
used to compute and rank mutual information with
bipartitions of individual frames. This approach allows
selecting frames based on a “temporal filter” that can
be uniformly applied to all subjects and all runs. We
use Idiff and Acc as objective functions (Fig. 8A and B,
respectively), retrieve the selected (binary) templates
and compare them across different runs of the algorithm
(Fig. 8A and B; left panels), and show mean AG patterns
for the selected AG components as well as for the
selected components minus the initial components
(Fig. 8A and B; middle panels). Results indicate that the
optimization algorithm successfully identifies templates
that generate greatly increased Idiff or Acc compared
to the initial condition. Multiple runs optimizing Idiff
(Fig. 8A) converge onto a set of templates that are
somewhat consistent in the pattern of bipartition they
describe. When computing the NMI between each
selected bipartition (24 runs) with each canonical system
template (63) and comparing initial (random) bipartitions
to selected (optimized) bipartitions, optimized templates
exhibit significant (P < 0.05/63, Bonferroni-corrected)
NMI with 22 canonical templates. By contrast, multiple
runs optimizing Acc (Fig. 8B) yield a heterogeneous set
of patterns, each of which satisfies the optimization
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Fig. 6. Template-based filtering and effect on identifiability and accuracy. A) Template basis set comprising 63 templates that divide the 200 nodes of
the original network into 2 node sets (a bipartition) along the borders of 7 canonical functional systems (Sporns et al. 2021). For example, template 43
defines a bipartition of the brain into 1 node set comprising VIS, FP, and DMN (labeled white) and a second complementary node set comprising SOM,
DAN, VAN, and LIM (labeled black). In the bipartition framework, the 2 node sets represent 2 cofluctuating communities, with the union of these 2
communities covering the entire 200 node network. B) Mean FC components (all subjects, all runs, HCP data) created from filtering for template 4 (VAN
against the rest), template 24 (VAN and FP against the rest), and template 63 (LIM, FP, and DMN against the rest). C) Mean identifiability and accuracy
were computed for each template across all subjects and runs for both the HCP data set (left) and the MSC data set (right). Circ-shifted nulls were
generated for each template and only templates that exceeded all nulls in 5 out of 6 pairwise runs were labeled for the HCP data (left; dark red). The
same templates are highlighted in blue in the MSC data (right panel) to show correspondence in rankings across data sets. Performance level for Idiff
when using all frames (full runs) is indicated by a blue line.

criterion but through different patterns of bipartitions.
No significant consistency in NMI between optimized
templates and canonical templates is found. These
differences in consistency between templates when
optimizing Idiff versus Acc are reflected in differences in
frame attributes (Fig. 8A and B; right panels). Optimizing
Idiff results in more consistent selection of time points
across runs and in framesets that are enriched in high
cofluctuation amplitude (RSS). By contrast, optimizing
Acc results in time points that are highly variable
between runs, with greater participation of mid- to low-
RSS frames.

Results in Fig. 8 are for optimizations carried out on
HCP data (48 training-set subjects, all runs). We tested
the robustness of our findings in the following ways.

In HCP data, we applied optimized templates to held-
out subjects, testing a total of four random splits into
48 training and 47 testing subjects (both sets using all
four runs). We carried out optimizations for Idiff on the
training set and then applied the optimized templates
to the held-out testing set. Improved fingerprinting
performance carries over between training and testing
set for both Idiff and Acc and for all 4 splits (Supple-
mentary Fig. S8). The same outcome is obtained when
training and testing set are split by runs (HCP data;
training: all subjects, runs 1 and 2, 1 and 3, 2 and 4, 3
and 4, respectively; testing: all subjects, runs 3 and 4,
2 and 4, 1 and 3, 1 and 2, respectively; Supplementary
Fig. S9). Finally, consistent findings are obtained when
optimizations are run on MSC data (all subjects, 5 runs
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Fig. 7. Node set optimizations. A) Plot at left shows the evolution of the objective function for 96 runs of the optimization, with Idiff as the objective and
with 40 nodes (out of 200) in the optimized set. Note different levels of convergence, indicating qualitatively different levels of performance. “P1” and
“P2” refer to the two main patterns of convergence (9 examples for P1, 87 examples for P2; P1 comprises 5 and P2 comprises 27 unique outcomes). Plots
in the middle indicate contributions of canonical functional systems (expressed as the mean contribution of each functional system to the optimized
40-node set). Plots at the right show cortical maps of the contributing regions for patterns “P1” (top) and “P2” (bottom), respectively. Color scale indicates
the consistency with which the regions participate across the 96 optimization runs. B) Same as panel A, except optimization carried out for Acc. Only
one consistent pattern emerges, comprising 93 unique outcomes. Optimizations are carried out on the HCP data set (all subjects, all runs).

in training set, 5 runs in testing set; optimizing for Idiff
only; data not shown).

Discussion
Our study aimed to leverage a temporal decomposition
of eTS (Faskowitz et al. 2020; Sporns et al. 2021) to
pinpoint spatiotemporal features supporting individual
differences in FC with high temporal resolution at the
level of individual TRs in fMRI time series. We show
that the identifiability of frames differs across edge
cofluctuation amplitude, across similarity with other
frames in the run, and across velocity of transitions
between adjacent time points. Notably, these relations
differed based on the specific identifiability metric
used across both the HCP and MSC data sets, showing

that methods commonly used in the fingerprinting
literature (differential identifiability [Idiff ]: the average
identification of subjects with themselves above the
relation with others, and accuracy [Acc]: the rate of
success of subject identification) display distinctive
characteristics of fingerprints. Identifiability was found
to be higher for high cofluctuation amplitude frames
while accuracy was higher for midamplitude frames.
Removing high-amplitude frames revealed that identifi-
ability largely maps onto moments in time that drive
full FC estimates while fingerprinting features that
amplify accuracy map onto frames with mid- to low-
amplitude and therefore may be less represented in
full FC using standard methods. Furthermore, frames
selected based on template patterns were consistent
across both identifiability and accuracy as well as across
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Fig. 8. Frame set optimizations. A) Optimizations for Idiff . B) Optimizations for Acc. (left) Evolution of the objective function for 24 optimizations (top)
and their normalized mutual information (NMI, expressing their similarity). In the NMI plots, optimizations are arranged in order of quality (i.e. by the
value of the objective function at the end of the run). Note that for Idiff , individual runs converge on a common pattern, indicated by high MI between
different runs. By contrast, for Acc, no such convergence occurs. Performance level for Idiff and Acc when using all frames (full runs) is indicated by a
blue line. (Middle) Optimized bipartitions, and topography of the mean AG component for the optimized bipartitions (averaged over all 24 runs). Top plot
shows themean optimized AG component, bottom plot shows the difference in AG components before and after optimizations. C) Selection of moments
in time, for each of 24 optimizations, demonstrated for data from 1 subject, 1 run. The 3 plots show the RSS amplitude for the selected run (top), and
the time points chosen for each of the 24 optimizations (middle: Idiff ; bottom: Acc). In the optimizations for Idiff (middle panel), note the overlap in
selected time points across 24 optimizations and the lack of a relationship of those time points with the cofluctuation amplitude (RSS). No time points
are consistently selected in optimizations for Acc (bottom panel). All optimizations were carried out on HCP data (48 subjects, randomly selected as the
“training set”). For transfer of fingerprinting performance to held-out subjects in the “testing set,” see Supplementary Fig. S6.

data sets, showing that certain system template patterns
of cofluctuations, indicative of system expression, are
more predictive of subject identity than others. Lastly,
we deployed an optimization strategy to detect spatial
and temporal features thatmaximally express individual
differences. We found that when optimizing based on
node sets, the best solutions converged on distinct and
disjunct node sets centered on either the FP or the
VAN. When optimizing across time for identifiability,
the optimal connectivity pattern consistently converged
onto the same spatiotemporal signature (consistent
moments in time). By contrast, optimizing for accuracy
revealed highly distinct patterns, both in space and time,
centered on moments when brain-wide cofluctuations
weremodest in size. These results suggest that individual
frames contribute differentially to individual differences
quantified with the fingerprinting metrics identifiability
and accuracy and that there are multiple types of

FC fingerprints embedded throughout resting-state
dynamics.

Extensive past work has converged on amplified
fingerprints in the FP, DMN networks, and their between-
network connectivity with the attentional networks
(Mira-Dominguez et al. 2014; Finn et al. 2015; Airan
et al. 2016; Amico and Goñi 2018; Gratton et al. 2018;
Peña-Gómez et al. 2018; Byrge and Kennedy 2019;
Ravindra et al. 2021; Sareen et al. 2021). Further work
outlines the modes of activity patterns attributable to
the most variable or distinguishable features in FC data
(Amico and Goñi 2018; Sripada et al. 2019). These efforts
mainly focused on spatial subject-distinctive features
from data gathered over an entire run. Our work also
converges on these higher-order association areas with
the additional benefit of preserving global information
regarding how identifiable regions of interest relate
both to other edges and time frames. Although the
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specific regions have been clarified, other methods,
such as point process analysis and coactivation pattern
analysis, have also revealed that brief moments in time
with high BOLD activation dominate RSN estimates
across entire runs (Tagliazucchi et al. 2011; Caballero
Gaudes et al. 2013; Liu and Duyn 2013; Allan et al.
2015; Karahanoğlu and Van De Ville 2015; Liu et al.
2018b). With our approach, these moments in time can
be selected based on cofluctuations of activity between
regions regardless of BOLD amplitude and without the
need to consider specific seed regions. This allows us to
temporally track how identifiability evolves throughout
a run based on predetermined metrics of interest. In
general, the compression of fMRI time series into binary
format (bipartitions) yields a compact and yet rich
feature set as a basis for optimization and machine
learning applications.

Previous work has also explored the temporal features
of FC fingerprints (Vidaurre et al. 2017; Peña-Gómez et al.
2018; Liu et al. 2018a; Van De Ville et al. 2021). However,
these approaches have largely utilized FC windowing
(Lurie et al. 2020), which entails methodological issues
such as selection of free parameters like window sizes
and spacings. Multiple efforts have now shown that brief
moments in time displaying high-amplitude cofluctu-
ations called “events” dominate FC estimates (Keilholz
et al. 2017; Cifre et al. 2020; Esfahlani et al. 2020). Con-
sidering that windowing analyses are based on user-
defined decisions and invariably smooth the spatial sig-
nals over many seconds (Hindriks et al. 2016; Shakil et al.
2016; Preti et al. 2017; Esfahlani et al. 2020), it remains
unclear whether events also dominate multiple dynamic
connectivity estimates. By contrast, our approach filters
time points based on features obtained at the fine-scale
single-TR native resolution of the time series, harvesting
instantaneous spatial patterns at brief moments in time.
Our findings show that greater levels of identifiability
and accuracy can arise from moments in time outside
of high-amplitude cofluctuations, even exceeding lev-
els obtained by using the full data set (see also Amico
and Goñi 2018). Since high-amplitude “events” contribute
disproportionately to full nFC, our approach, as demon-
strated in this study,may uncover fingerprinting features
that were previously hidden from view.

Our results further show that data-driven optimiza-
tion arrives at multiple sets of FC components with high
or optimal identifiability and accuracy. It appears that
not 1, but multiple fingerprints are contained within
BOLD time series. This finding may help clarify disparate
results in the literature regarding the localization
of identifiable regions, with several bodies of work
showing there are more identifiable regions/systems
(Finn et al. 2015) and others showing that identifiability is
homogenously located throughout the cortex (Byrge and
Kennedy 2019). Our results suggest that identifiability
may depend on the chosen metric of interest. Here,
our optimization results converge on specific regions
consistent with extant literature when defining patterns

based on Idiff , while optimizing Acc results in patterns
that are more variable and do not converge on consistent
moments in time. In addition to past work, our method
provides a framework to pinpointmoments in timewhen
edges or specific features contribute the most toward
fingerprinting. Considering that multiple patterns of
activity that contribute less toward traditional FC
maximize subject identifiability, even above that of
standard methods, suggests that relevant features of
resting-state data may remain untapped for potential
brain–behavior relationships. So far, resting-state has
been found to be related to task-evoked coactivation
states (Cole et al. 2014) and predictive of behavioral
performance (Cole et al. 2012; Rosenberg et al. 2016;
Yamashita et al. 2018; Fong et al. 2019; Rosenberg et al.
2020; Sripada et al. 2020). Recently however, naturalistic
stimuli (e.g. movies) and task-based FC have been shown
to improve behavioral predictions in FC above resting
state (Finn et al. 2017; Vanderwal et al. 2017; Greene
et al. 2018; Finn and Bandettini 2021). Similarly, to
selecting FC features based on improving predictions
of behavioral performance (Finn and Rosenberg 2021),
elucidating brain–behavior relations in resting-state
data may benefit from selecting specific moments in
time. Future work should determine whether fine-scale
identifiability varies with task and whether different
patterns of optimally identifiable or accurate patterns
predict different types of behaviors.

These potentially hiddenmoments expressing subject-
specific patterns may aid in the discovery of cognitive
and clinical biomarkers not yet fully explored through
analysis of full or windowed FC. Individualized features
of event patterns dominate full FC (Betzel et al. 2022),
implying that most extant work on full FC has focused
on differences expressed during these brief moments in
time. Our study suggests that signatures of individual
differences exist outside of these high-amplitude frames
and may yet contribute toward a greater understanding
of different disorders. If specific activity patterns can be
related to differences in behaviors of interest, individuals
could be more readily compared across similar patterns
of activity that sparsely occur within a run.

Although this work highlights additional features that
optimize identifiability, the exact sources of these finger-
prints remain to be identified and appear to be driven
by multiple factors. Many of these differences are likely
constrained by features that are stable over longer time
scales such as individual variations in brain architecture
(Germann et al. 2020) and resting-state functional net-
works (Mueller et al. 2013; Seitzman et al. 2019).Consider-
ing the brain’s structural architecture can elicit patterns
similar to resting-state FC (Honey et al. 2009), and that
differences in structure influence alterations in com-
munication dynamics (Seguin et al. 2020), suggests that
individual variations in structure may also be indicative
of natural variations in functional networks and behav-
ior. Additionally, estimated activity flow across RSNs can
be used to predict cognitive task activations (Cole et al.
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2016), making individual differences in functional net-
works (Gordon et al. 2017; Seitzman et al. 2019) another
exciting avenue for further investigation.

Several potential biases and limitations should be
discussed. True estimates of structure and function
are likely presently confounded by variations in stable
traits such as head motion (Siegel et al. 2017), which is
further heritable (Couvy-Duchesne et al. 2014), potential
differences in vasculature (Golestani et al. 2016), or
ability for subjects to remain alert in the scanner. We
examined FD and its possible relation to RSS, as well
as a potential framewise metric, but did not discover
significant correlations between these metrics or motion
biases in frame selection. Regardless, motion remains a
concern and should be carefully controlled for in future
work. In addition to motion, differences in scanner,
run time, acquisition parameters, and preprocessing
pipelines (Botvinik-Nezer et al. 2020) make comparisons
across labs more challenging, but research continues
to support real effects of fingerprinting across multiple
sites (Bari et al. 2019). In our study, we compared
findings across 2 data sets, HCP and MSC. A notable
difference between them is the TR (HCP: 720 ms, MSC:
2,200 ms). While, as a result, autocorrelation profiles
differ between the 2 data sets (Supplementary Fig. S10),
basic findings are consistent. We speculate that the
longer TR (reducing similarity of edge cofluctuation
patterns between adjacent time points) may contribute
to better performance in Idiff and Acc for MSC as it would
tend to producemore variable frame sets. Finally, there is
continuing debate on whether fMRI resting state is truly
dynamic to begin with (Laumann et al. 2017; Lurie et al.
2020). Our approach provides the temporal and spatial
resolution to continue to explore this issue.

Our results further emphasize the importance of
choice in fingerprinting metrics. For instance, accuracy
(also referred to as success rate) expresses the fraction
of cases where subjects identified with themselves over
others between runs. Hence, the metric is blind to
the magnitude of this difference and the correlations
involved. On the other hand, differential identifiability
focuses on the average difference between within-
versus between-subject comparisons. We find that
these 2 metrics display different behaviors given the
same data set, which is in line with previous work. For
example, Van De Ville et al. (2021) considers dynamic
identification of individuals at different time scales.
They find that shorter time scales can display high
levels of Acc simultaneously with near-0 Idiff . This would
appear to indicate that Acc detects insignificant and
spurious correlations in addition to larger signals. Our
findings,however, suggest that Accmay be able to pick up
subtle, individual-specific differences of interest, and we
observe instances where Idiff is high while Acc is low. The
relation between Idiff and Acc, as well as other potential
fingerprinting metrics, merits further investigation.

Another important consideration is determining how
various temporal filtering methods contribute toward
full FC. Amico and Goñi (2018) show that multiple PCA

components are necessary to improve Idiff beyond the
levels of full FC. They find that the first few PCA com-
ponents alone display lower Idiff , which improves when
adding additional components prior to an inflection.
Notably, we found that the first principal component
of a set of bipartitions derived from each participant’s
eTS has the highest correlation with RSS (Sporns et al.
2021). This suggests convergence between Amico and
Goñi (2018) and our RSS results even though RSS deciles
(determined on a run-by-run basis) and PCA components
(computed across all subjects) are nonidentical. Specif-
ically, the highest RSS decile alone displays lower Idiff
compared to full FC (Fig. 3) and high values of Idiff are
still seen upon removal of high RSS frames (Fig. 4). This
suggests that lower RSS frames (which do not contribute
as strongly to full FC; Esfahlani et al. 2020) also con-
tribute toward Idiff . Hence, in agreement with Amico and
Goñi (2018), our work provides additional evidence that
dynamic features of fingerprinting are distributed over
many time points, with contributions from multiple PCA
components and/or RSS bins. Further work is needed to
determine the precise relationship between PCA and the
temporal filtering approach adopted in our study.

Conclusion
In summary, this work reveals the existence of multi-
ple fingerprints, in space and time, within resting-state
neuroimaging data and proposes a new method for tem-
porally filtering BOLD time series. Traditionally utilized
fingerprinting metrics display distinctive characteristics
that enhance distinguishable framewise features and
converge on a subset of system-based templates that
outperform other activity patterns. Further investigation
of the patterns and origins of these individual differences
in FC may support efforts toward personalized medicine
as well as our understanding of behaviors that are not
as well categorized by group averages and where activity
cannot be solely linked to lower dimensional features of
the structural network.
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Supplementary material is available at Cerebral Cortex
online.
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