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Reproducible functional connectivity-based biomarkers have remained elusive despite 
the promise of deeply phenotyped consortia. Developing methods for assessing and 
optimizing the reproducibility of functional connectivity pipelines and metrics is crucial 
to advancing biomarker identification. Here, we demonstrate functional connectome 
fingerprinting can serve as a robust, easily computed, intuitive, and sensitive index for 
assessing, comparing or benchmarking pipeline parameters. Using five datasets from the 
Consortium for Replicability and Reproducibility, we found that higher identification 
accuracies were achieved when using: (I) global signal regression; (II) finer brain 
parcellations; (III) cortical regions compared to subcortical and cerebellar structures; (IV) 
medial frontal and frontoparietal networks relative to the whole-brain; (V) discriminative 
edges; (VI) longer scan duration; and (VII) lower sample size. Such fingerprint-informed 
pipelines may enable assessment and adjudication of functional connectivity-based 
analysis pipelines or novel analytic approaches, as a means to enhance their 
reproducibility in heterogeneous populations, and to advance biomarker discovery. 

INTRODUCTION 

Despite the promise of increasingly representative and 
deeply phenotyped consortia, reproducible functional con
nectivity-based biomarkers have remained elusive. A bio
marker is “a characteristic that is objectively measured and 
evaluated as an indicator of normal biological processes, 
pathogenic processes, or pharmacologic responses to a 
therapeutic intervention”.1‑4 The identification of clinically 
useful brain-based biomarkers requires that our measures 
of the brain (e.g., functional connectivity, which captures 
the statistical dependence of BOLD signals between brain 
regions) and of behavior (e.g., clinically important symp
toms or behaviors) are reproducible. One plausible way of 
achieving brain-based biomarkers lies in employing preci
sion fMRI strategies by “deep” sampling functional data 
across repeated measurements (e.g., Midnight Scan Club 
[MSC]).5 This is because a key component of reproducibility 
is reliability3 — the stability of a measure over time and un
der similar plausible scenarios.6,7 The reliability of a mea
sure establishes an upper limit on its validity, where va

lidity is measured in terms of its correlation with a target 
measure (e.g., behavior).8 Assessing the reliability of func
tional connectivity metrics is therefore crucial to advancing 
reproducible and clinically meaningful connectivity-based 
biomarkers. 

One challenge to assessing functional connectivity met
rics is the lack of a “ground truth” against which to evaluate 
their validity and which could therefore serve as a basis for 
comparing methods and pipelines for computing functional 
connectivity.9 For example, while functional connectivity 
shows good correspondence with measures of anatomical 
or structural connectivity (e.g., as revealed by retrograde 
tracer studies in non-human animals, or diffusion-based 
connectivity studies in humans),10,11 it is clear that func
tional connectivity metrics reflect more than is captured by 
these anatomical measures, so correspondence with such 
measures alone cannot be used to evaluate functional con
nectivity metrics or methods for their computation. In the 
absence of a ground truth for evaluation of validity, many 
studies have focused on test-retest (TRT) reliability as an 
outcome measure; if a particular functional connectivity 
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metric or analysis step or pipeline is advantageous, it 
should exhibit improved TRT reliability. The most consis
tently used index to evaluate TRT reliability of functional 
connectivity-based measures is the intraclass correlation 
coefficient (ICC).8,12,13 While the ICC has been informative, 
it has a number of limitations. First, it has high dimension
ality, since it is typically computed either as a voxelwise 
or an edge-level measure (e.g., Shehzad and colleagues12). 
This means that ICC for a given ROI or network is often 
computed by averaging across a large number of functional 
connections, or even the whole brain, leading to a loss of 
precision and potentially deflating the metric. In addition, 
ICC is computed as the ratio of between-subject variance to 
within-subject variance,12 with between-subject variance 
accounting for majority of the variability in the ICC.12 Low 
between-subject variance for some functional connectivity 
measures or networks may also depress ICC.14‑16 These ob
servations have previously been put forward to explain why 
the ICC for functional connectivity-based measures is poor-
to-fair, at best (see Noble and colleagues for a review8). 

Here, we test a potential complementary approach to the 
ICC for comparing analyses and pipelines — connectome 
fingerprint identification. This process, first described by 
Finn and colleagues,17 involves treating the functional con
nectivity profile (connectome) of an individual as a “finger
print”. Fingerprint identification is performed by matching 
(using correlation) an individual’s connectome fingerprint 
derived from a given fMRI scan (taken from a “database” set 
of scans) with their connectome fingerprint derived from 
another, separate scan (taken from a “target” set of scans, 
typically acquired during a different scan session). If the 
correlation between a given individual’s two functional 
connectivity matrices is greater than the correlation be
tween the individual’s database connectome and the con
nectome of other individuals in the target dataset, then it is 
considered a “match” — a correct identification (ID). If the 
self-self correlation is not greater than the self-other cor
relations, the individual has not been successfully identi
fied by the matching algorithm. Studies applying the con
nectome fingerprinting approach across populations and 
scan conditions show that mean ID accuracy across a given 
sample can be >95%,17‑19 providing a different perspective 
on the reproducibility of functional connectivity metrics, 
relative to the ICC. Connectome fingerprint ID could be 
a complementary metric to the ICC for assessing analysis 
pipelines and novel methodologies due to its applicability, 
lower computational demands, and straightforward inter
pretability. We extend this logic to hypothesize that if a 
particular analysis step or pipeline is advantageous in ways 
that relate to reliability and/or capturing intersubject dif
ferences in functional connectivity, then it should improve 
fingerprint ID. However, it is important to note that a par
ticular analysis step or pipeline can produce higher fin
gerprint ID accuracy but not necessarily enhance validity. 
While a reliability-based evaluation metric is helpful, it 
could be an incomplete means to evaluate an analysis step 
or pipeline.8 Therefore, some measures of validation would 
be preferred where available. 

Several papers have already shown that ID accuracy is in
fluenced by a number of processing choices. For example, 
Finn and colleagues17 reported lower ID accuracy when a 
cortical parcellation scheme was used to derive the func
tional connectivity profiles, relative to a whole-brain atlas. 
This may reflect the impact of differential parcel resolu
tions or spatial coverage (cortical vs. subcortical regions). 
Indeed, fingerprint ID accuracy exhibits variation across 
functional networks, with the highest ID accuracies being 
found in the medial frontal and frontoparietal networks.17,
19‑24 Somewhat predictably, restricting analyses to a small 
subset of the most distinct connectome edges (e.g., < 1%) 
also improves ID accuracy, producing near-ceiling accu
racy.24 Other factors known to affect ID accuracy include 
scan duration,17,19,20 parcellation resolution,19 and partic
ipant age,23,25 with the youngest participants showing low
est ID, reflecting poor connectome distinctiveness, partic
ularly between sessions.26 Recent work also indicates that 
denoising strategies (e.g., global signal regression (GSR), 
temporal censoring, ICA-AROMA) improve ID accuracy in 
early childhood.27 Importantly, and contrary to the benefits 
commonly inherent to increasing sample size, increasing 
sample size has been shown to decrease ID accuracy, mak
ing it more difficult to identify an individual from a 
group.28,29 

The present study has twin aims. First, we aim to show 
how fingerprint accuracy can serve as a robust, easily com
puted, intuitive, and sensitive index for comparing or 
benchmarking pipeline parameters. To achieve this aim, 
we expand on recent efforts to maximize functional con
nectome identification accuracy by examining the contri
butions of data pre- and post-processing factors, as well 
as acquisition parameters, using five independent datasets 
spanning childhood to adulthood, obtained from the Con
sortium for Replicability and Reproducibility.30 By identify
ing several factors that maximize ID accuracy across the in
dependent datasets, we delineate components of a pipeline 
that is optimized for the reliable measurement of func
tional connectivity at the individual level. The use of fin
gerprint accuracy as part of a workflow that seeks to maxi
mize the identifiability of individual connectomes may also 
help improve the identification of robust and reproducible 
brain-behavior relationships. 

METHODS 

DATASETS 

Five datasets from the Consortium for Replicability and 
Reproducibility (CoRR; http://fcon_1000.projects.nitrc.org/
indi/CoRR/html/samples.html) were used: Beijing Normal 
University (BNU), New York University (NYUado, NYUadu), 
Southwest University (SWU), and University of Pittsburgh 
School of Medicine (UPSM). We chose to examine a diver
sity of datasets from CoRR in terms of developmental sam
ples, recruitment location, sample size, inter-scan inter
val, and scan duration. By selecting these five datasets, we 
ensured our samples captured participant inclusivity based 
on the recruitment protocols described by CoRR. This is 
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Table 1. Demographic information and fMRI parameters for the five datasets obtained from CoRR that were used in this 
study 

Dataset NYUadu NYUado UPSM BNU SWU 

Sample Size (N) 31 24 67 60 82 

Age Range (years) 18-43 7-13 10-19 19-23 18-25 

Gender (Male/Female) 16/15 14/10 34/33 32/28 33/49 

Scan Duration (min) 06:00 06:00 05:06 08:06 08:00 

Time between Scans Days Days 1-4 years 3 months 1 year 

Scanner Manufacturer Siemens Siemens Siemens Siemens Siemens 

Scanner Model Allegra Allegra TrioTim TrioTim TrioTim 

Field Strength 3.0T 3.0T 3.0T 3.0T 3.0T 

TR (ms) 2000 2000 1500 2000 2000 

Note. All sites contributed two resting state scans per participant. 
NYUado = New York University (adolescence), NYUadu = New York University (adulthood), UPSM = University of Pittsburgh School of Medicine, BNU = Beijing Normal University, 
SWU = Southwest University. 

particularly important because many fingerprinting stud
ies tend to use the Human Connectome Project (age range 
= 22-35 years) due to their high-resolution structural and 
functional MRI scans17,21,28,29,31‑34 — which can overrep
resent the range of fingerprint ID accuracies reported in 
the field. In general, fingerprint identification appears to 
be relatively stable across development and even spanning 
several years.22,23 Ethical approval was obtained from the 
relevant committee at each imaging site. Written informed 
consent was obtained from participants ages 18 or older. 
For participants younger than 18 years, written consent was 
obtained from their legal guardians, and written assent was 
obtained from the participant. Each dataset included rest
ing-state fMRI scans obtained from two imaging sessions 
either on the same day or several months or years apart. 
Demographics and fMRI acquisition parameters are pro
vided in Table 1. 

PREPROCESSING 

All data were preprocessed with the same basic pipeline as 
described by C-PAC (https://fcp-indi.github.io/docs/latest/
user/quick.html).35‑37 Structural and functional data were 
preprocessed using AFNI (http://afni.nimh.nih.gov/afni/), 
FSL (http://fsl.fmrib.ox.ac.uk/), and ANTs 
(http://stnava.github.io/ANTs). The minimal preprocessing 
pipeline follows common steps that are typical for struc
tural and functional magnetic resonance imaging (MRI) 
data.35‑37 Our preprocessing pipeline, which follows the 
36-parameter model, has been evaluated using different 
functional connectivity metrics and datasets.38,39 The pre
processing pipeline included: (1) volume-based motion cor
rection; (2) grand mean scaling; (3) linear and quadratic 
detrending; (4) nuisance signal regression on 24 motion pa
rameters (i.e., 3 translational, 3 rotational, their first de
rivatives, and the squares of each of these terms) and 12 
nuisance regressors (i.e., white matter, CSF, global signal, 
[though global signal was also a factor of interest so for 
some analyses, GSR was excluded from the nuisance re
gressors], their squares, and the squares of their first de
rivatives); (5) spatial smoothing using a Gaussian kernel at 

6mm FWHM; and (6) temporal filtering (0.009  0.1 
Hz). Functional to session-averaged anatomical co-regis
tration was performed using boundary-based registration 
in FSL.40 Diffeometric normalization of individual anatom
ical to the MNI152 standard space with 2 mm resolution 
was carried out non-linearly using ANTs; the same non-lin
ear transformation was applied to the fMRI data. Of note, 
we did not vary the smoothing kernel size as prior evidence 
shows that it generates no-to-minimal difference in finger
print ID accuracies.17 Participants were excluded if either 
scan exhibited root-mean-square framewise displacement 
(rmsFD) > 0.20 mm.41 Applying a rmsFD < 0.20 mm re
tained BNU N: 60/60, NYUado N: 24/24, NYUadu N: 31/31, 
SWU N: 82/82, and UPSM N: 67/92. This threshold provided 
a reasonable balance between sample size requirement to 
achieve adequate statistical power for functional connectiv
ity-based studies and good data quality standards to miti
gate motion artifacts in these studies. For each dataset, the 
rmsFD averaged across the two functional scans is as fol
lows: BNU = 0.06 mm [range = 0.02-0.09 mm], NYUado = 
0.07 mm [range = 0.03-0.14 mm], NYUadu = 0.07 mm [range 
= 0.03-0.19 mm], SWU = 0.06 mm [range = 0.02-0.13 mm], 
and UPSM = 0.09 mm [range = 0.04-0.19 mm]. Tradition
ally, a threshold < 0.10 mm is regarded as strict whereas a 
threshold > 0.50 mm is considered liberal.42‑47 There is no 
one-threshold-fits-all populations as head motion varies 
by several factors including age (e.g., infants, adolescents, 
adults) and mental health diagnosis.48‑51 

DATA PRE- AND POST-PROCESSING PARAMETERS 

To demonstrate how fingerprint ID accuracy can be used to 
test pipeline parameters, and to compare the utility of ID 
accuracy vs. ICC for this purpose, we examined how several 
data acquisition, pre-, and post-processing parameters af
fected ID accuracy and ICC (Figure 1), specifically: (1) GSR; 
(2) parcellation schemes (i.e., scheme, resolution, spatial 
coverage); (3) network organization; (4) use of discrimina
tive edges; (5) scan duration; and (6) sample size. 
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GLOBAL SIGNAL REGRESSION 

Although debated, GSR is a highly effective denoising strat
egy.38,52,53 It remains the most effective strategy for reduc
ing the associations between motion and functional con
nectivity-based measures35,36,54,55 in addition to 
increasing the biological plausibility of patterns of func
tional connectivity.56,57 We examined the impact of includ
ing vs. excluding the global signal from the 36-parameter 
nuisance signal regression step during preprocessing. 

PARCELLATION SCHEMES (SELECTION, SPATIAL 
COVERAGE & RESOLUTION) 

Parcellation schemes differ in aspects such as spatial cov
erage (e.g., cortex, subcortex), space (e.g., volume, surface), 
and resolution (e.g., 10-1000). We parcellated the fMRI data 
using four publicly available brain atlases: Shen 26858, 
Glasser 36059, MIST 44460, and Schaefer 1000-17Net
works,58 to examine whether these different commonly ap
plied schemes are associated with differences in ID ac
curacy. The Shen parcellation was derived from activity 
patterns using resting-state fMRI data.59 The Glasser par
cellation was derived from areal properties of architecture, 
function, connectivity, and topography using high-resolu
tion structural MRI as well as resting-state and task-based 
fMRI data.60 The MIST parcellation was derived from pat
terns of functional connectivity using resting-state fMRI 
data.61 The Schaefer parcellation was derived from resting-
state and task-based fMRI data with properties related to 
function, architectonics, connectivity, and visuotopy.58 We 
also compared ID accuracies with cortical-only parcella
tions to parcellations that included subcortical and cerebel
lar regions. Finally, we assessed the relationship between 
resolution and ID accuracy by examining two parcellation 
schemes with 8 (Schaefer 17Networks, 100-1000) and 10 
(MIST, 7-1095) levels of dimensionality. 

NETWORK ORGANIZATION 

Several studies have demonstrated that some functional 
networks have stronger predictive power in facilitating the 
identification of an individual.17,22,23 To assess differences 
between functional networks in terms of ID accuracy, we 
examined 8 functional Finn et al.17 Networks: (1) medial 
frontal; (2) frontoparietal; (3) default mode; (4) subcortical 
and cerebellum; (5) motor; (6) visual I; (7) visual II; and (8) 
visual association17 and 7 Yeo et al.62 Networks: (1) ven
tral attention; (2) dorsal attention; (3) frontoparietal; (4) 
default mode; (5) somatomotor; (6) limbic; and (7) visual.62 

DISCRIMINATIVE EDGES 

Fingerprint identification is influenced by the degree to 
which different edges contribute to the identification of an 
individual.17,19,23,24 We employed the discriminative power 
(DP) measure to quantify the usefulness of an edge in suc
cessfully identifying an individual from a group. The DP of 
a given edge reflects the empirical probability of an indi
vidual being more correlated to themself relative to another 

individual based on the same edge. It is computed as the 
product of the edge values between sessions from an in
dividual and compared with the product of the edge val
ues between sessions from other individuals in a dataset.17,
23 An edge with a high DP means that the within-subject 
product is greater than the between-subject product across 
all the participants and that it is useful for the identifi
cation of an individual. To compute ID accuracy with the 
most discriminative edges across all individuals in the five 
datasets, we selected the edges whose DP values fell be
tween the 25th and 99th percentiles of the functional con
nectome, i.e., we retained the top 1-75% of edges in the 
whole-brain connectome to compute ID accuracy for each 
dataset. 

SCAN DURATION 

Converging evidence has revealed that the reliability of 
functional connectivity-based measures depends on scan 
duration63‑67 and that longer scan duration improves ID 
accuracy.17,19,20,68 We assessed the relationship between 
scan duration and ID accuracy by increasing the scan 
lengths from 0.5 min to the full acquisition time of each 
dataset (scan parameters for each site in Table 1). Of note, 
the range of the scan lengths is limited based on the rel
atively short scan durations of the five datasets (e.g., the 
maximum scan length is approximately 8 min derived from 
the BNU and SWU datasets). 

SAMPLE SIZE 

While sample size typically improves the reliability of func
tional connectivity-based measures,69,70 identification ac
curacy tends to decrease with increasing sample sizes.28,
29 To assess the impact of sample size on ID accuracy, and 
to avoid site/sample effects, we pooled the five datasets (N 
= 264), then randomly selected subsets of individuals such 
that N  {20, 40, 60, 80, 100, 120, 140, 160, 180, 200, 220, 
240, 264} without replacement and computed ID accuracy 
over 100 of each N iterations. 

FUNCTIONAL CONNECTIVITY MATRICES — 
FINGERPRINTS 

For every individual and each scan, the mean timeseries 
of each region of interest (ROI) within a given parcellation 
scheme was extracted and the Pearson’s correlation coef
ficient ( ) between all possible ROI pairs was computed, 
yielding two functional connectivity matrices (fingerprints) 
per individual that were subsequently used in the ID proce
dure. 

IDENTIFICATION PROCEDURE 

To identify an individual based on their functional connec
tivity fingerprints, we followed the identification procedure 
as previously described.17 Identification was performed for 
each dataset separately by creating a “database” D = { , i 
= 1, 2, 3….N} where  refers to the vectorised functional 
connectivity matrix for Session 1 and the subscript  repre
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sents the {}th participant in D. Iteratively,  is compared 
with functional connectivity matrix  { j = 1, 2, 3….N} from 
the Session 2 target set, T, using correlation. Correlations 
were rank ordered, and an individual was assigned a binary 
identification (BID) score of 1 if the predicted identity 
(rank = 1) in T matched the true identity  of the individ
ual in D, otherwise the BID score was 0. Mean BID accuracy 
for each dataset and each combination of analysis factors 
was computed as the number of correctly identified partic
ipants divided by N (sample size). To reach a final ID accu
racy per dataset, we recomputed mean BID by exchanging 
the roles of the database-target matrix (D  T), and aver
aging across the two mean BIDs. 

In addition to BID, we computed the relative rank (RR), 
which is a continuous measure ranging from 0 to 1 that 
quantifies the degree of “confusion” for inaccurately identi
fied individuals. RR was calculated as the jth position of the 
rank ordered correlation that matches the predicted iden
tity  in T with  in D divided by N. For example, if 
the ranked ordered correlation of participant 1 in the SWU 
dataset is at the first position, then RR = 1 82 = 0.012 
whereas if the ranked ordered correlation for the same par
ticipant is at the last position, then RR = 82 82 = 1. The 
fewer individuals inaccurately ranked above their true iden
tity, the lower the degree of confusion, and lower the RR 
(RR → 0). 

TRT RELIABILITY 

We computed TRT reliability, as indexed by ICC, for each 
edge and each dataset. We applied the ICC (2,1) model to 
refer to “absolute agreement” for which the sources of er
ror are known (e.g., multiple sessions) and modeled as ran
dom effects.8 For each dataset, the mean ICC was obtained 
by averaging the edgewise ICC values in the functional con
nectome in addition to setting the negative values to 0 to 
indicate complete unreliability.8,63,71 

where MSBS = mean square between subjects, MSBM = 
mean square between measurements, and MSE = mean 
square error.72,73 

COMPARING ANALYSIS PIPELINES USING FINGERPRINT 
ID VS. ICC 

For each dataset, the identification accuracy was computed 
with each of the data acquisition, pre-processing, and post-
processing parameters, and then compared with a “stan
dard” functional connectivity pipeline as described in the 
preprocessing stages. The standard pipeline comprised a 
36-parameter confound regression model including GSR 
and its derivatives, whole-brain Shen 268 parcellation, full 
scan length, and full sample size of each dataset. On the 
basis of the highest contributions of the parameters on ID 
accuracy (i.e., BID → 100% and RR → 0%), we identified 
two optimal fingerprint-informed pipelines which are as 
follows: 

It is important to note that selecting an optimal fin
gerprint-informed pipeline is context/study-dependent and 
non-trivial and can increase the degrees of freedom as the 
analytic decisions depend on a broad array of parameters. 
We optimized the pipeline with regards to specific para
meters manipulated in the present study though further 
optimization through consideration of other potential fac
tors such as motion correction strategies or the influence 
of signal-to-noise ratio (SNR) is always possible. Here, our 
main goal was to demonstrate that functional connectome 
fingerprinting provides a simple, straightforward, and in
tuitive way to assess such parameters/factors. We selected 
common data acquisition and pre- and post-processing pa
rameters that have shown a direct impact on fingerprint ID 
accuracies based on prior fingerprinting studies. For each 
dataset, the mean ICC was further computed with Pipeline 
1 and Pipeline 2. To demonstrate the utility of the two fin
gerprint-informed pipelines, they were employed to derive 
the functional connectivity matrices of the participants for 
their two fMRI scans for each dataset. Given that we as
sessed how fingerprint ID accuracy can be applied to test 
analysis pipeline parameters, we did not perform permuta
tion testing to assess the statistical significance of the ID 
accuracies themselves across the five datasets. 

DATA SHARING AND CODE AVAILABILITY 

The analyses in this study were conducted in Python and 
the codes are available via our GitHub repository 
(https://github.com/JRam02/conn_fingerprint_neurodev). 
We used publicly available packages such as pingouin 
(https://pingouin-stats.org/api.html), scikit-learn 
(https://scikit-learn.org/stable/), and SciPy 
(https://www.scipy.org). We also used Python libraries for 
data manipulation and visualization such as Numpy 
(https://numpy.org), Pandas (https://pandas.pydata.org), 
Matplotlib (https://matplotlib.org), and Seaborn 
(https://seaborn.pydata.org). The ICC analysis was con
ducted using the intraclass_corr package in pingouin. The 
fMRI data of the five datasets that were used in this study 
are available on the CoRR platform. We also provide the 
mean timeseries of the participants for each dataset via our 
GitHub repository. 

RESULTS 

IDENTIFIABILITY OF THE INDIVIDUAL FUNCTIONAL 
CONNECTOME 

Using whole-brain functional connectomes collected from 
two scans per participant derived from CoRR, we initially 
applied a standard functional connectivity pipeline which 

• Pipeline 1: minimal pre-processing, GSR, Schaefer 
1000-17Network parcellation, full scan length, full 
sample size; 

• Pipeline 2: minimal pre-processing, GSR, frontopari
etal networks (medial frontal + frontoparietal) de
rived from “Finn” Networks, full scan length, full 
sample size. 
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Figure 1. Analysis framework to delineate an optimal pipeline for maximizing connectome-based identification. A. 
Applying global signal regression (GSR) as a denoising strategy. B. Delineating the functional connectome with four 
publicly available parcellation schemes such as Shen 268, Glasser 360, MIST 444 and Schaefer 1000-17Networks. C. 
Delineating cortical and subcortical regions (Harvard-Oxford atlas and Buckner atlases). D. Computing the functional 
connectome using multi-resolution parcellation schemes with 8-10 levels of dimensionality. E. Examining ID within Finn 
et al.17 Networks and Yeo et al.62 Networks. F. Using the top 1-75% of most discriminative edges. G. Examining scan 
duration — from 0.5 min to the full acquisition time of each dataset. H. Examining the impact of sample size (N) by 
pooling data across the five datasets and resampling such that N  {20, 40, 60, 80, 100, 120, 140, 160, 180, 200, 220, 240, 
264}. 

involves minimal data pre-processing (including GSR), 
post-processing (i.e., whole-brain Shen 268 parcellation), 
and acquisition (i.e., full scan duration and sample size) 
parameters to compute the identification accuracy across 
the five datasets. We first computed binary identification 
(BID) such that the BID accuracy is 1 if an individual is 
successfully identified and 0 if they are not, using all five 
datasets. BID accuracies ranged from 42% to 77% which 
were averaged across the two database-target matrix con
figurations (Figure 2A and Figure 2B). On average for both 
directions (D → T and T → D), the NYU developmental 
dataset (NYUado; N = 24) achieved the strongest identifi
cation accuracy (BID = 77%) whereas the UPSM adolescent 
group (N = 67) had the lowest (BID = 42%). We then em
ployed relative rank (RR) to measure the degree of con
fusion for misidentifying an individual from a group such 
that the lower the RR, the lower the confusion for incor
rectly identifying that individual. RR showed that the de
gree of confusion varied from 6% to 13% for the first di
rection (D → T) (Figure 2A), and 4% to 16% for the second 
direction (T → D) (Figure 2B). On average, the adult dataset 
(SWU) achieved the lowest degree of confusion for incor
rectly identifying an individual (RR = 5%) between sessions 

whereas the UPSM adolescent dataset exhibited the highest 
degree of confusion (RR = 15%). 

TRT RELIABILITY OF THE FUNCTIONAL CONNECTOME IS 
CONSISTENTLY POOR 

We then evaluated the TRT reliability of the functional con
nectome by applying the ICC(2,1) model using the standard 
functional connectivity pipeline across the five datasets. 
We computed the average ICC across 268 x 268 edges for 
the Shen ROIs. We found that the mean TRT reliability was 
consistently “poor” (i.e., ICC < 0.4) across the independent 
datasets (Figure 2C). The highest mean TRT reliability was 
observed for the adult dataset (SWU; ICC = 0.29) whereas 
the lowest mean TRT reliability was found for the adoles
cent group (UPSM; ICC = 0.15). Although the ICC and BID 
accuracy can only be compared qualitatively, the two met
rics track each other well (  = 0.82; Figure 2C). 

APPLYING GSR AS A DENOISING STRATEGY IMPROVES 
IDENTIFICATION ACCURACY 

While investigating the impact of data pre-processing fac
tors on identification accuracy across the five datasets, we 
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Figure 2. (A) ID accuracy derived from BID in addition to the degree of confusion as indexed by RR for the database-
target matrix configuration. (B) ID accuracy derived from BID in addition to the degree of confusion as indexed by RR for 
target matrix-database configuration. (C) Reliability estimates derived from the fingerprint approach using BID and the 
ICC(2,1) model. The Pearson’s correlation coefficient ( ) between ID accuracy and ICC is 0.82. (D). ID accuracy derived 
from BID with and without applying GSR as a denoising strategy. The five independent datasets are as follows: BNU (N = 
60), NYUado (N = 24), NYUadu (N = 31), SWU (N = 82), and UPSM (N = 67). 

assessed the contribution of GSR by computing identifi
cation accuracy following pre-processing with and without 
GSR (Figure 2D). For the purpose of this comparison, all 
other noise regressors were held constant (i.e., the global 
signal was the only regressor removed from the 36-para
meter nuisance signal regression). The range of the BID ac
curacies was higher with GSR (42-77%) than without GSR 
(35-69%). GSR significantly improved the BID accuracies 
across all five datasets (paired sample t-test; t (4) = 6.14, P 
= 0.004, Cohen’s d = 0.52). 

FINER CORTICAL PARCELLATIONS YIELD STRONGER 
IDENTIFICATION ACCURACY 

To understand how different parcellation features influence 
the identification accuracy, we computed functional con
nectivity using four parcellation schemes with different 
spatial resolutions and spatial coverage. We found that the 
BID accuracies differed significantly across parcellation 
schemes (repeated measure one-way ANOVA test; F (3,12) 
= 31.1, P < 0.001). There was a tendency to achieve greater 
BID accuracies across the five datasets when the functional 
connectome was derived from finer parcellation schemes, 
i.e., parcellations with higher resolutions. While the lowest 
BID accuracies were obtained with the Shen 268 parcella
tion (42-77%), the highest BID accuracies were found with 
the Schaefer 1000-17Network parcellation (68-94%) (Figure 
3A). Both Glasser 360 and MIST 444 parcellation schemes 
produced intermediate BID accuracies ranging from 55% to 
86% across the five datasets (Figure 3A). 

To assess the effect of resolution more cleanly and 
within the same parcellation scheme, we applied the multi-
resolution Schaefer 17Networks (i.e., 100-1000) and MIST 
(i.e., 7-1095) parcellations to examine the relationship be
tween parcel resolution and identification accuracy. There 
was a non-linear relationship between parcel resolution 
and BID accuracy that was evident across the five datasets 
(Figure 3B). BID showed that there were large gains in ID 
accuracy as parcel resolution increased from 7 to 300, with 
smaller but still significant gains thereafter (Figure 3B). 
Similarly, there was a non-linear relationship between par
cel resolution and RR across the five datasets such that 
there was a rapid decline in RR from 7 to 300 parcels, and 
then plateaued until reaching the finest resolutions (Figure 
3B). 

We also investigated how using regions from the cortex, 
subcortex, and cerebellum influences identification accu
racy. Fingerprint BID accuracies differed significantly 
across different combinations of the spatial coverage (re
peated measure one-way ANOVA test; F (5,20) = 54.4, P < 
0.001). The highest BID accuracies were derived when the 
functional connectome included cortical regions (41-77%), 
with the addition of subcortical and cerebellar regions mak
ing little-to-no difference to BID accuracy (Figure 3C). Fin
gerprints computed on the basis of subcortical (17-49%) 
and/or cerebellar (6-36%) structures alone were associated 
with much lower BID accuracies across the five datasets 
(Figure 3C). The higher fingerprint BID accuracies associ
ated with the cortical regions could be attributed to their 
macroscale divisions having larger number of edges, as we 
found significant associations between number of edges 
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and BID accuracies for 4 out of 5 datasets (except for the 
BNU dataset). 

IDENTIFICATION ACCURACY ACROSS FUNCTIONAL 
BRAIN NETWORKS 

To examine variation in fingerprint identifiability across 
functional networks, we compared the BID accuracies 
across eight Finn et al.17 networks and seven Yeo et al.62 

networks. For the Finn et al.17 networks, BID accuracies 
were highest when the fingerprints were restricted to the 
medial frontal (except for the UPSM dataset) and fron
toparietal networks, relative to the other functional net
works (Figure 4A). In contrast, fingerprinting using the vi
sual networks (i.e., visual I, visual II, visual association) 
produced the lowest BID accuracies (Figure 4A). Given pre
vious research showing that combining medial frontal and 
frontoparietal networks improved BID accuracies,17,23 we 
examined the impact of combining these functional net
works into the “frontoparietal networks”. Restricting the 
fingerprint to these frontoparietal networks was associated 
with significantly greater identification accuracies com
pared to the whole-brain functional connectome (paired 
sample t-test; t (4) = 2.83, P = 0.047, Cohen’s d = 0.77). 
When we applied the Yeo et al.62 networks, BID accuracies 
revealed that the fingerprints restricted to the frontopari
etal (except for the NYUadu dataset; 57-87%) and default 
mode networks outperformed the other functional net
works across the five datasets (Figure 4B). Across the five 
datasets, fingerprinting with the limbic network exhibited 
the lowest BID accuracies (21%-67%) followed by finger
printing with the visual network (25%-69%) (Figure 4B). 
When testing if the advantages in fingerprint BID accura
cies for the frontoparietal networks might be due to a net
work size (i.e., networks having larger number of edges), 
we found that for the Finn et al.17 networks, only the SWU 
dataset produced a significant relationship between net
work size and BID accuracies ( s = 0.72, P = 0.028). For the 
Yeo et al.62 networks, only the NYUado (  = 0.79, P = 0.035) 
and UPSM (  = 0.77, P = 0.041) datasets yielded a significant 
relationship between network size and BID accuracies. 

GREATER NUMBER OF DISCRIMINATIVE EDGES YIELDS 
STRONGER IDENTIFICATION ACCURACY 

To examine whether restricting the fingerprint to discrimi
native edges improves identification accuracy, we restricted 
the fingerprint to those edges whose DP values fell between 
the 25th and 99th percentiles of the functional connectome 
for each dataset (i.e., selecting the top 1-75% of all edges, 
ordered by discriminality). We observed a non-linear rela
tionship between the number of discriminative edges and 
BID accuracies across the five datasets (Figure 5). When 
the fingerprint was restricted to the top 1% of DP edges, 
BID accuracies (21-64%) were significantly lower compared 
to using all the edges from the whole-brain connectome 
(paired sample t-test; t (4) = 6.54, P = 0.003, Cohen’s d 
= 1.1). When the fingerprint was computed with the top 
10% of DP edges, BID accuracies (37-77%) were signifi
cantly higher compared to the top 1% of DP edges (paired 

sample t-test; t (4) = 8.22, P = 0.001, Cohen’s d = 1.1). On 
the other hand, when the fingerprint was computed with 
the top 75% of DP edges, BID accuracies slightly improved 
(43-77%) compared to the whole-brain connectome. How
ever, this improvement was not significantly different from 
the whole-brain connectome (paired sample t-test; t (4) = 
1.84 P = 0.14, Cohen’s d = 0.1). Similar observation was 
noted when comparing the BID accuracies from the top 10% 
of DP edges to the whole-brain connectome (paired sample 
t-test; t (4) = 0.14, P = 0.90, Cohen’s d = 0.01). The non-
linear relationship between number of discriminative edges 
and BID accuracy is striking — there is a large jump in BID 
accuracies between 1% and 10%, but little-to-no improve
ment after that, suggesting that good BID accuracies can be 
achieved with as little as the top 10% of the most discrim
inative edges. Of note, the potential benefits of using the 
most discriminative edges to perform fingerprinting can be 
outweighed by the computational challenge in estimating 
the DP for high-resolution parcellation schemes. For exam
ple, a coarser parcellation scheme such as the Shen 268 has 
35,778 edges whereas a finer parcellation scheme like the 
Schaefer 1000-17Networks has 499,500 edges. Given that 
DP is computed as the product of an edge value from Scan 
1 and Scan 2 from the same individual and compared with 
the product of the same edge value from Scan 1 and Scan 2 
from other individuals, identifying the most discriminative 
edges based on their DP values will be feasible for smaller 
parcellation sets (e.g., 35,778 edges) but will create compu
tational difficulties at larger (e.g., 499,500 edges). 

LONGER SCAN DURATION FACILITATES HIGHER 
IDENTIFICATION ACCURACY 

We evaluated the effort of acquiring increasing scan length 
to boost identification accuracy by varying the scan dura
tion from 0.5 min to the full acquisition length of each 
dataset. There was a non-linear relationship between scan 
duration and identification accuracy across the five datasets 
(Figure 6A), such that BID accuracies were very negatively 
impacted by very short fMRI scans (e.g., 0.5 min — ranging 
from 5% to 21% across the five datasets). BID accuracies 
were optimal (42-77%) when the full acquisition length of 
each dataset was used to compute the functional connec
tivity matrices of each individual. RR revealed a similar pat
tern such that the degree of confusion for unsuccessfully 
identifying an individual was highest (23-41%) with short 
acquisition time (e.g., 0.5 min) but minimal (5-15%) when 
the entire scan length was used to derive the functional 
connectivity profiles of the individuals across the five 
datasets. 

INCREASING SAMPLE SIZE DOES NOT NECESSARILY 
IMPROVE IDENTIFICATION ACCURACY 

We also examined the effect of sample size (N) on iden
tification accuracy by creating random subgroups of in
dividuals N ∈ {20, 40, 60, 80, 100, 120, 140, 160, 180, 
200, 220, 240, 264} across the five datasets. For each N, 
100 samples were selected, and the average BID accuracy 
was computed across samples. There was a non-linear re
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lationship between sample size and BID accuracy such that 
the ability to identify an individual based on their func
tional connectivity profiles decreased non-linearly as the 
sample size increased (Figure 6B), with the steepest de
crease observed as sample size increased from 20 to 100, 
and a more gradual decrease in BID accuracy as sample 
size increased further to 264. The overall change across 
sample sizes was relatively small, however — BID accu
racies ranged from 70% when N = 20 to 53% when N = 
264. As a mathematical reality, increasing sample sizes also 
increases the potential for “confusion” (high correlation) 
amongst individuals — it increases the pool of potential 
matches, thus decreasing identification accuracy. The ag
gregated/subsampling approach produced higher BID accu
racies for sample sizes equivalent to those of the UPSM, 
BNU, and NYUadu sites, relative to the BID accuracies for 
those sites alone, suggesting some site or sample effects 
that were overcome by the aggregating and subsampling 
approach. Further, and contrary to observations for the pre
ceding manipulations, for which the trend for RR was in
verted relative to the trend for the BID accuracy, RR de
creased slightly but non-linearly from 12% to 7% as sample 
size increased (Figure 6B). 

SELECTING A FINGERPRINT-INFORMED PIPELINE 

On the basis of the results presented above, we identified 
two optimal fingerprint-informed pipelines featuring those 
parameters associated with the highest BID accuracy (Table 
2; Figure 7). The two pipelines have been described given 
that predictive networks such as the frontoparietal net
works and finer cortical parcellation schemes such as the 
Schaefer 1000-17Network scheme, separately, encapsulate 
the most distinct features of an individual’s functional con
nectome. As expected, relative to the standard pipeline 
(minimal pre-processing, GSR, whole-brain Shen 268 par
cellation, full scan length, and full sample size), BID ac
curacy was significantly higher for both Pipeline 1 (paired 
sample t-test; t (4) = 6.11, P = 0.008 FDR, Cohen’s d = 
1.5) and Pipeline 2 (paired sample t-test; t (4) = 2.83, P = 
0.047 FDR, Cohen’s d = 0.8). Notably, some datasets (e.g., 
NYUado; SWU) exhibited BID accuracies of 90% or above 
following processing with Pipeline 1. 

APPLYING FUNCTIONAL CONNECTOME 
FINGERPRINTING INFORMED PIPELINES TO IMPROVE 
ICC 

To further assess the utility of these two fingerprint-in
formed pipelines, we computed TRT reliability as indexed 
by the ICC for each dataset following the application of 
these pipelines to compute functional connectivity (Table 
2; Figure 7). The mean ICCs increased significantly with 
Pipeline 1 (paired sample t-test; t (4) = 7.22, P = 0.002 FDR, 
Cohen’s d = 1.0) and Pipeline 2 (paired sample t-test; t (4) 
= 7.22, P = 0.002 FDR, Cohen’s d = 1.6), although it is worth 
nothing that the mean ICCs across the five datasets would 
still be considered “poor” according to the Cicchetti and 
Sparrow (1981) definition. 

DISCUSSION 

The present study aimed to demonstrate how connectome-
based fingerprint identification accuracy could be used as 
a simple, intuitive, and sensitive index to adjudicate be
tween functional connectivity-based analysis parameters. 
Across five small-moderately sized, independent Open Sci
ence datasets spanning childhood to adulthood, we found 
that functional connectome fingerprint identification accu
racy ranged from 42% to 77%. We then tested the effect of 
a range of analysis parameters on ID accuracy and found 
that GSR, fine-grained (i.e., ~1,000 ROIs) brain parcella
tions encompassing cortical regions, number of discrimina
tive edges, and longer scan duration improved identifica
tion accuracy — for some datasets to ≥ 90%. Interestingly, 
pooling fMRI data across datasets to increase sample size 
decreased, rather than increased, ID accuracy. Importantly, 
the effects of many of these manipulations on ID accuracy 
were quantitatively and qualitatively unambiguous, allow
ing for easy selection of the “best performing” parameters. 
These “best performing” parameters were then combined 
into two analysis pipelines that optimize the detection of 
individual differences in the functional connectome. It is 
important to highlight that the parametric statistical tests 
performed may not always meet their assumptions, which 
in turn, may undermine their validity in testing significant 
differences between pipelines (e.g., mean ID accuracies 
bounded between 0 and 1 may not be normally distributed). 
Others may argue that selecting the optimal pipelines in
volves a level of circularity that may challenge the way we 
compared the pipelines that maximize fingerprint accuracy. 
However, the discussions and conclusions made in the pre
sent study did not reply on the statistical tests per se; in
stead, we sought to demonstrate the use of connectome fin
gerprinting as a testbed for different strategies rather than 
establishing gold standards across all contexts and studies. 
If the different strategies/parameters improve fingerprint 
ID accuracy, then they also improve the reproducibility of 
the functional connectome. 

Following the investigation of the impact of a set of data 
acquisition, pre-, and post-processing parameters on fin
gerprint accuracy, we described two analysis pipelines as 
follows: (1) Pipeline 1 — GSR, cortical-based parcellation 
scheme with 1,000 parcels, top 10% of discriminative edges, 
full scan length, and sample size and; (2) Pipeline 2 — GSR, 
frontoparietal networks (medial frontal and frontoparietal 
networks derived from the Finn et al.17 Networks), full scan 
length, and sample size. With Pipeline 1, accuracies that 
were 42-77% increased to 68-94%, and with Pipeline 2, 
they increased to 44-86%. The utility of these pipelines was 
also supported by the fact that they significantly increased 
TRT reliability (indexed by ICC) relative to the “standard” 
pipeline — although it is notable that the ICC values re
mained poor, according to the traditional categorization 
(i.e., ICC < 0.4). This echoes the TRT reliability literature 
which suggests that univariate measures of TRT like ICC for 
functional connectivity metrics are generally poor (mean: 
0.29; 95% CI: 0.23-0.36).8 While a direct quantitative com
parison of ICC and fingerprint BID is not possible, we can 
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Figure 3. (A) ID accuracy obtained from BID across the five independent datasets using four publicly available 
parcellation schemes including Shen 268, Glasser 360, MIST 444 and Schaefer 1000-17Networks. (B) Relationship 
between parcel resolution and ID accuracy measured by BID in addition to the degree of confusion as indexed by RR 
using 8 and 10 levels of parcel granularity derived from the Schaefer 17Networks and MIST parcellation schemes across 
the five independent datasets. (C) ID accuracy derived from BID based on the spatial coverage of the functional 
connectome covering cortical, subcortical and cerebellar structures across the five independent datasets. Cor: cortical; 
Cor+Sub: cortical and subcortical; Cor+Cer: cortical and cerebellum; Sub: subcortical; Sub+Cer: subcortical and 
cerebellum; and Cer: cerebellum. 

compare them qualitatively given that fingerprint accuracy 
tracks the ICC values. For example, an ICC = 0.40 implies 
that the TRT reliability of a functional connectivity mea
sure is fair/moderate, but is above the upper meta-analytic 
estimate for the ICC across studies.8 This means that 40% 
of the total variance in the measurement of interest is at
tributed to agreement between the “raters” while the re
maining 60% of the variance corresponds to individual vari
ation or measurement errors. In contrast, an ID = 40% 
would be considered a low level of self-self correlation 
within a sample. What these comparisons suggest is that, 
while the ICC values that are typical for the field are consid
ered to reflect “poor” reliability, fingerprint identification 
accuracy suggests a more optimistic perspective on func
tional connectome stability. To take one example, BID ac
curacy for the NYUado dataset processed with Pipeline 1 
is 94% (ICC = 0.28), indicating that on average, 23 of 24 
participants are correctly identified based on their func
tional connectomes. Similarly, the BID accuracy derived 
from Pipeline 1 for the SWU dataset is 90% (ICC = 0.35), 
which successfully identified, on average, 74 of 82 partic
ipants. Hence, connectome-based identification provides a 
metric of reproducibility of an individual’s functional con
nectome which is stable on both short-term (days) and 

long-term (years) from childhood to adulthood. Taken to
gether, these findings mirror the emerging consensus that 
univariate measures of functional connectivity reliability 
are generally low whereas multivariate measures (e.g., fin
gerprinting) tend to be better.63,74 

Although we found that GSR was beneficial in terms of 
its impact on fingerprint ID accuracy, it remains the sub
ject of dispute and there is no clear consensus on its appli
cation in publicly available pre-processing pipelines.75 This 
disagreement has been traditionally rooted in evidence that 
showed that GSR introduces negative correlations between 
brain regions,56,76,77 but often countered by its efficacy 
at mitigating the effects of motion and other sources of 
noise.27,35,36 The debate is ongoing with recent work show
ing that the global signal could reflect neural information 
of behavioral relevance: for example, in a sample of 1,094 
adults, the topography of the global signal has been shown 
to capture a positive-negative axis of life outcomes and 
psychological functions linking to an increased component 
loading of the frontoparietal network.78 Across the lifes
pan, the topographical patterns of the global signal have 
revealed spatially specific linear and quadratic associations 
with age ranging from 6 to 86 years.79 Given the significant 
and positive effect of GSR on fingerprint accuracy, in com
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Figure 4. (A) ID accuracy derived from BID for the Finn et al.17 Networks in addition to the combined medial frontal and 
frontoparietal networks [FPNs] and whole-brain connectome [WBN] across the five datasets. The Finn et al.17 Networks 
are as follows: (1) medial frontal [MFN]; (2) frontoparietal [FPN]; (3) default mode [DMN]; (4) subcortical [SUB]; (5) motor 
[MOT]; (6) visual I [VISI]; (7) visual II [VISII]; and (8) visual association [VISA]. (B) ID accuracy derived from BID for the 
Yeo et al.62 Networks across the five datasets. The Yeo et al.62 Networks are as follows: (1) ventral attention [VAN]; (2) 
dorsal attention [DAN]; (3) frontoparietal [FPN]; (4) default mode [DMN]; (5) somatomotor [SOM]; (6) limbic [LIM]; and 
(7) visual [VIS] 

Figure 5. Relationship between number of discriminative edges and ID accuracy derived from BID in addition to the 
degree of confusion as indexed by RR across the five independent datasets. The discriminative edges are selected based 
on their DP values falling between the 25th and 99th percentiles of the whole-brain connectome, i.e., the top 1-75% of 
edges in the whole-brain connectome were retained to compute the ID accuracy of each dataset. The black box 
represents the ID accuracy derived from BID when all the edges in the whole-brain connectome were used for each 
dataset. 

bination with strong evidence that GSR reduces the rela
tionships between functional connectivity and head mo
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Figure 6. (A) Relationship between scan duration and ID accuracy measured by BID in addition to the degree of 
confusion as indexed by RR across the five independent datasets. The scan duration ranges from 0.5 min to the full 
acquisition time of each dataset. (B) Relationship between amount of resting-state fMRI data and ID accuracy measured 
by BID in addition to the degree of confusion as indexed by RR. The resting-state fMRI scans were concatenated across 
the five datasets (N = 264) for each imaging session, and then subsets of individuals were randomly selected across 100 
iterations such that N ∈ {20, 40, 60, 80, 100, 120, 140, 160, 180, 200, 220, 240, 264}. 

Table 2. Gains in ICC and ID accuracy derived from BID across the five datasets derived from the standard and optimal 
fingerprint-informed pipelines 

Pipeline NYUadu NYUado UPSM BNU SWU 

Standard ICC 0.21 0.23 0.15 0.21 0.29 

*Pipeline 1 ICC 0.25 0.28 0.19 0.29 0.35 

‡Pipeline 2 ICC 0.29 0.33 0.21 0.35 0.40 

Standard BID 0.65 0.77 0.42 0.49 0.75 

*Pipeline 1 BID 0.78 0.94 0.68 0.79 0.90 

‡Pipeline 2 BID 0.81 0.86 0.44 0.77 0.83 

Standard: GSR + Shen 268 parcellation + full scan length + full sample size. 
*Pipeline 1: GSR + Schaefer 1000-17Network parcellation + full scan length + full sample size. ‡Pipeline 2: GSR + frontoparietal networks derived from Finn Networks + full scan 
length + full sample size. 
ICC = intraclass correlation coefficient, ID = identification, BID = binary identification, GSR = global signal regression. 

tion, particularly in age groups and vulnerable populations 
that exhibit heightened in-scanner movement, we recom
mend its inclusion in processing pipelines. 

Describing the functional brain with high-resolution 
parcellation schemes produced the highest identification 
accuracies. This likely reflects the fact that increasing the 
parcel resolution preserves finer properties of the func
tional connectome from large-scale functional networks to 
localized brain areas, thus improving the sensitivity and 
specificity of functional connectivity analyses.80 The choice 
of selecting a parcel resolution to investigate individual dif
ferences in the functional connectome typically depends on 
the desired spatial resolution of the effects being investi
gated. We found that cortical regions produced the high
est fingerprint accuracy, which is consistent with observa
tions that their functional connectivities are highly reliable 
compared to that of subcortical and cerebellar structures,8,
63,81 which may be driven by factors such as poor signal-

to-noise ratio (SNR) due to signal dropout and suscepti
bility to physiological noise.63 It is important to note that 
there may not be a unique parcellation scheme that cap
tures individual differences in the functional connectome 
across all brain states.82 Instead, there exists a set of brain 
parcellations that is condition dependent which provides 
better parcel definition to detect such individual properties 
across different states.82 Investigating the impact of such 
state-specific parcellations on fingerprint ID would be an 
important future direction, especially in the context of clin
ical populations. These populations could have increased 
variations in their functional connectome that may not be 
captured with standard space parcellations as opposed to 
individualized schemes — thus making standard space par
cellations less accurate when identifying the unique prop
erties of the individual functional connectome. 

Fingerprints restricted to the medial frontal and fron
toparietal networks also yielded the highest fingerprint ac
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Figure 7. ID accuracy and TRT reliability of the functional 
connectome measured by BID and ICC, respectively, using 
the standard and optimal fingerprint-informed pipelines. 
Dots and error bars represent the mean and SD of the BID 
accuracies and ICC values. Standard: GSR + Shen 268 
parcellation + full scan length + full sample size. Pipeline 
1: GSR + Schaefer 1000-17Network parcellation + full scan 
length + full sample size. Pipeline 2: GSR + frontoparietal 
networks derived from Finn et al.17 Networks + full scan 
length + full sample size. *P < 0.05, two tailed paired 
sample t-test. For ID accuracy, the effect sizes measured by 
Cohen’s d are: 1.5 (Pipeline 1) and 0.8 (Pipeline 2). For TRT 
reliability, the effect sizes measured by Cohen’s d are: 1.0 
(Pipeline 1) and 1.6 (Pipeline 2). 

curacies compared to the whole-brain connectome. These 
networks have been shown to exhibit high predictive power 
and are reproducible in both neurotypical and developing 
populations.17,22,23,83 The frontoparietal network exhibits 
higher inter-subject variability in its functional connec
tivity relative to other functional networks including sub
cortical, limbic, and visual networks,19,84 suggesting that 
this functional network can better discriminate an individ
ual from a group. Restricting the functional connectome 
fingerprint with the frontoparietal networks (Pipeline 2) 
would be suitable for some functional connectivity appli
cations but not necessarily for all measures, pipelines, and 
procedures. Therefore, describing the individual functional 
connectome with a second fingerprint-informed pipeline 
that includes a fine-grained parcellation scheme (Schaefer 
1000-17Networks; Pipeline 1) offers another optimal strat
egy to test the reproducibility of functional connectivity 
applications. 

As others have shown,17,19,20,68 identification accuracies 
further increased non-linearly with longer scan duration. 
Scan duration has long been identified as a factor that af
fects the reliability of functional connectivity measures,8,
12,63‑65,67,70,85 along with resting-state conditions such as 
fixation, eyes-opened, and eyes-closed.86‑89 While initial 
reports suggested that acquisition times of ~5 min are suf
ficient to yield fair-to-excellent reliability,12,67 more recent 
studies have suggested that much longer duration scans are 
required to yield the most reliable (e.g., > 36 min)63 and 
reproducible (e.g., 15-25 min)66 metrics. Researchers have 
employed several strategies to increase the amount of fMRI 
data available per participant, including longer scan dura
tion,8,63,81,90 repeated scans within-/between- sessions,63,
69,70,85 and higher sampling rates.65 Acquiring and combin
ing more scans for each individual across different brain 

states could further improve the fingerprint accuracy as 
within-subject variability may be better captured than at 
rest.91 This echoes recent evidence which suggests that 
having more fMRI data per participant increases the ability 
to capture unique properties of the functional connectome 
using resting-state and naturalistic conditions.19 It is, how
ever, challenging to identify an ideal amount of fMRI data 
that is needed per participant to optimize the reliability 
of functional connectivity — longer scan lengths under
mine the practical utility of fMRI, especially in developing 
and clinical populations with lower in-scanner tolerance or 
wakefulness. 

In agreement with previous work,19,20 identification pat
terns were improved when a greater number of discrimina
tive edges was used to compute a given individual’s func
tional connectivity profiles. This finding showed that as few 
as 10% of the most discriminative edges were needed to 
yield good fingerprint accuracies as there was no signifi
cant difference in identification accuracies for the top 10% 
or 75% of the most discriminative edges relative to the full 
whole-brain connectome. This suggests that computational 
complexity and resource demands could be used by down
sizing the functional connectome to the top 10% of dis
criminative edges. This also suggests that there are some 
edges that do not contribute to the identifiability of an indi
vidual’s functional connectome, thus positing that the en
tire functional connectome may not be required to compute 
functional connectome fingerprints. Moreover, it is difficult 
to suggest the ideal number of discriminative edges that 
should be obtained across populations because it may be 
challenging to obtain for clinical group comparisons. A re
cent study showed that there was a weak relationship be
tween edge-level effect size obtained from between-group 
differences (depressed youth vs. healthy volunteers) and 
differential power.74 

We also pooled fMRI data across the five datasets to in
vestigate the impact of sample size, but this did not im
prove the fingerprint accuracies. That is, larger sample sizes 
(within the ranges tested here) seem to increase the diffi
culty of differentiating an individual from a group. Similar 
observations have been reported which showed that fin
gerprint accuracy decreases non-linearly when the sample 
size derived from the Human Connectome Project increases 
from typical (e.g., N = 100) to large (e.g., N = 1,000).28,29 A 
potential limitation of this sampling strategy is that we ag
gregated the fMRI data across a wide range of age groups 
(i.e., 7-43 years) which may not be ideal to detect individ
ual differences in the functional connectome. There could 
also be a site effect that requires further investigation, par
ticularly in a larger dataset acquired from several more 
sites. This may be a challenge as a downside of the connec
tome-based identification procedure is that a minimum of 
two imaging scans is required which is not always feasible 
during cross-sectional study designs. Future work may in
vestigate the utility of split-half fingerprinting as a proxy 
method.92,93 Along the same lines, employing a larger mul
tisite dataset could allow the investigation of inter-scan in
tervals on fingerprint accuracy. The CoRR datasets used in 
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this study make the comparison very difficult due to the 
wide range of inter-scan intervals from days to years. 

Although we aimed to identify a pipeline that would 
optimize functional connectome fingerprint ID, and while 
high identification accuracies were attained for some sam
ples, the accuracy did not reach 100% for any sample. This 
demonstrates that there are some individuals who remain 
incorrectly identified even with the fingerprint-informed 
pipelines. This suggests that there is scope to identify fur
ther factors that might influence fingerprint identification 
accuracy. On the other hand, it may also suggest that there 
are individuals who remain misidentified,94 even in the 
context of overall high ID accuracy. We attempted to quan
tify the degree of misidentification for a given individual 
from a group using the RR metric which was as low as 2% 
when the optimal pipelines were employed. The RR metric 
did not provide additional discriminative information be
yond BID accuracy, however. It is possible for fingerprint 
ID accuracy (as well as TRT reliability) to produce mislead
ing conclusions.95,96 As such, another multivariate met
ric referred to as discriminality has been proposed which 
calculates the probability of the distance between-sessions 
within each individual being lower than the distances to 
other individuals.96,97 An interesting property of discrim
inality is that it can be equivalent to the ICC under the 
Gaussian assumption for univariate data although it can 
be broadly applied to assess the reliability of high-dimen
sional data given that it is a non-parametric multivariate 
generalization to the ICC. Discriminality has been used to 
examine the impact of analysis pipelines on the functional 
connectomes.96 One main advantage of discriminality is 
that it provides stronger statistical power with increasing 
number of participants and repeated measurements com
pared to the fingerprint identification procedure.97 It also 
generated estimates that tend to be constant as the sample 
size grows whereas fingerprint ID accuracy decreases non-
linearly with more participants.97 Therefore, discriminality 
could provide complementary information about the iden
tifiability of an individual’s functional connectome to
gether with fingerprint ID accuracy — indexing the repro
ducibility of functional connectivity estimates. 

Can we expect resting-state functional connectome fin
gerprint ID accuracy to be perfect? There is evidence for 
100% identification accuracy, achieved using naturalistic 
paradigms, albeit in a small sample.19 The answer may 
lie in the cognitive states of participants being scanned,91,
95 scanning conditions that evoke more specific cognitive 
states tend to be associated with higher fingerprint accu
racy relative to rest.19,91 It is possible that connectome-
based identification accuracy at rest may reflect the in
fluence of arousal, thought, and even physiological 
processes.91 Another important consideration is the influ
ence of anatomical variability on individual differences in 
functional connectivity estimates that have been charac
terized as a mixture of morphological and functional vari
ability.96 Converging evidence from human and primate 
studies have shown that there is a significant relationship 
between structural and functional connectivities such that 
structural connectivity may predict inter-individual vari

ability in cognition.97,98 This relationship may, however, be 
heterogeneous as the structure-function coupling could be 
stronger for some networks but weaker for others.99‑101 Fu
ture work could investigate the contributions of anatom
ical variability (e.g., morphology) in measuring individual 
differences in functional connectome identifiability. Yet an
other avenue could focus on investigating whether unique 
or similar structure-function coupling across individuals 
relates to better or worse connectome-based identification. 

In conclusion, we showed that functional connectome 
fingerprint accuracy can be used as a simple, intuitive, and 
sensitive metric for examining the effects of different func
tional connectivity analysis parameters in smaller and 
moderately sized samples, and in both developmental and 
adult datasets. By examining a set of data acquisition, pre-, 
and post-processing parameters, we identified a number of 
recommended steps that form two pipelines optimized for 
reproducible and stable functional connectivity at the in
dividual level (Table 3). The pipelines comprise the follow
ing strategies: (I) applying GSR as a denoising strategy; (II) 
fine-grained brain parcellations; (III) cortical regions rela
tive to subcortical and cerebellar structures; (IV) predictive 
functional networks such as medial frontal and frontopari
etal networks; (V) discriminative edges; and (VI) increas
ing scan duration. In contrast, increasing the sample size 
by pooling resting-state fMRI data across different popula
tions do not necessarily yield higher fingerprint accuracies. 
We suggest that the inclusion of fingerprint accuracy in 
analysis workflows can help researchers identify the most 
reproducible pipelines to ultimately achieve robust and re
producible brain-behavior relationships for biomarker dis
covery. 
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Table 3. Recommendations for describing an optimal pipeline to reliably measure the functional connectome at the 
individual level 

Factors Influence on fingerprint accuracy 

GSR Increases by regressing out the global signal in the fMRI timeseries 

Parcellation Scheme Increases with higher resolutions (Shen 268 → Schaefer 1000) 

Parcel Resolution Increases as parcel resolution increases (7 → 1095) 

Parcel Coverage Increases with cortical regions 

Decreases with subcortical and cerebellar structures 

Network Organization Increases with medial frontal and frontoparietal networks 

Increases with medial frontal + frontoparietal networks 

Decreases with visual, subcortical, and limbic networks 

Discriminative Edges Increases with higher number of differentiating edges (top 10%) 

Decreases with lower number of differentiating edges (top 1%) 

Scan Duration Increases with longer scan lengths (0.5 min → full scan duration) 

Amount of fMRI Data Decreases with increasing sample sizes (20 → 264) 

Note. The recommendations follow the underlying factors that influence fingerprint accuracy at the data pre- and post-processing stages as well as during the data acquisition phase. 
GSR = global signal regression. 
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