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Abstract: The fMRI-based functional connectome was shown to be sufficiently unique to
allow individual identification (fingerprinting). We aimed to test whether a fNIRS-based
connectome could also be used to identify individuals. Forty-four participants performed
experimental protocols that consisted of two periods of resting-state interleaved by a
cognitive task period. Connectome identification was performed for all possible pairwise
combinations of the three periods. The influence of hemodynamic global variation was tested
using global signal regression and principal component analysis. High identification
accuracies well-above chance level (2.3%) were observed overall, being particularly high
(93%) to the oxyhemoglobin signal between resting conditions. Our results suggest that
fNIRS is a suitable technique to assess connectome fingerprints.

© 2019 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

The scientific understanding of brain dynamics and organization has greatly advanced with
the development of techniques based on the neuro-hemodynamic coupling, particularly
BOLD fMRI. Recently, the observation of significant interindividual variabilities in human
neuroanatomy and brain function has received increasing attention [1], and has been
consistently associated with individual differences in cognitive and behavioral profiles [2]. In
fMRI research, the functional connectome, defined as the whole-brain profile of functional
connectivity, has been shown to vary significantly among participants [3—5]. An individual
functional connectome is represented as a matrix composed by the functional connectivities
between distinct brain regions. Remarkable mounting evidence supports the claim that this
connectivity matrix is sufficiently unique to allow for individual identification or
“connectome fingerprinting” [3—8]. Moreover, mono or dizygotic twins can also be identified
based only on their functional connectome, suggesting that this functional architecture is
partially heritable [9,10]. Applications of the connectome fingerprint approach have already
been proposed for investigating neurodevelopment [6], cognition [4] and psychiatric
conditions [4-6].

Findings suggest that connectome fingerprint is a potential marker of mental health in
adolescents during neurodevelopment and can provide information about stability of
functional brain in adults [6]. Disorders on the stability of functional brain indicates some
psychiatric disturbs, as schizophrenia [5]. To date, the connectome fingerprinting approach
has been restricted to fMRI studies. Another technic, also based on neurovascular coupling, is
the functional near-infrared spectroscopy (fNIRS). Despite presenting a lower spatial
resolution and only sparsely sampling the cortical surface in comparison with the fine whole-
brain representation of fMRI, fNIRS might provides reliable cortical hemodynamic
information with high temporal resolution, relative low cost and great portability [11-14].
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Several studies have demonstrated that fNIRS is a suitable tool to evaluate brain functional
connectivity [15—18]. Besides supporting the feasibility of fNIRS for the study of meaningful
functional connectivity variations, these previous findings also suggest the possibility of
assessing individual connetome profiles [17].

Here we aimed to investigate whether functional connectomes, determined from fNIRS
data, contain sufficient information to uniquely identify an individual in a data set. This
investigation might contribute for: (i) providing an independent evidence for the existence of
individual functional connectomes or “fingerprints” in humans and (ii) allowing the
expansion of such a remarkable fMRI finding to populations where performing an MRI
scanning is impossible or inappropriate. These contributions might be of particular relevance
considering the potential application of fNIRS connectome to the study of child
neurodevelopment and specific clinical situations.

In the present study, fNIRS data from 44 participants was collected during resting-state
and a range of cognitive tasks, following a rest-task-rest sequence. In order to evaluate
fNIRS-based connectome identification, a functional connectivity matrix was constructed for
each participant and acquisition period. Conventional preprocessing steps were performed
and the influence of each of these steps on individual identification accuracies was
determined. Moreover, to further investigate the potential influence of global hemodynamic
variation on the identification accuracy, the data were analyzed both before and after
removing global signal (using both Global Signal Regression, GSR; and Partial Component
Analysis, PCA). Applying global signal regression to fNIRS signal at least partially removed
physiological non-neuronal sources of noise [19].

2. Methods
2.1 Experimental protocol

A total of 44 undergraduate students (13 women, average (standard deviation) age = 22 (3.1)
years old) were recruited. Exclusion criteria included self-reported current or past
neurological or psychiatric conditions, recent use of psychoactive substances or of drugs with
cardiovascular effects. Procedures were approved by the local Ethics Committee and all
participants were thoroughly informed about the experimental procedure before signing the
consent form.

The experimental design consisted of two 6-minute resting-state sessions interleaved with
a task period (i.e., restl-task-rest2). Participants were instructed to fixate their gaze at a white
cross at the center of a monitor with a black background during the resting periods and on the
baseline blocks of the mixed block event-related task. The tasks were the same applied in a
seminal fMRI work on the mapping of functional networks engaged across tasks on different
cognitive domains, namely the control network [20]. Based on this study, we analyzed all
tasks together in order to represent a task-related cognitive state in contrast with the task-
independent resting-state. Further details on the tasks design are presented on Table 1 and the
detailed analysis of task-related activations will be object of an independent report. Three
groups of participants performed different tasks: the first group performed an object naming
task, the second a simple language task, and the third group performed both a simple visual
and a complex language task, in that order.
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Table 1. Task’s description

Group 1 Group 2 Group 3
Task  Object Matching All the same/ one Abstract/concrete
Naming different judgment Jjudgment
Stimuli  Images Symbols/letters 4 Gabor patches Nouns
Input modality  Visual Visual Visual Auditory
Output modality  Speech Button Button Button
# Participants 15 12 17%* 17*
Task period (s) 105 125 130 105
# Task periods 2 2 3 3
Baseline (s) 51 40 37.5 37.5
# Baseline periods 3 3 4 4
Stimulus duration (ms) 200 500 300 Varied

*the same participants performed the two tasks in the same order.
2.2 Data acquisition and preprocessing

A continuous-wave NIRS system (NIRScout 16x16, NIRx Medical Technologies LLC,
Berlin, Germany) was used for acquisition (wavelengths: 760nm and w12-850nm). A total of
32 optodes (16 sources and 16 detectors) were used with to form 49 channels (3 cm of
distance between source and detector). In order to maximize the covering of cortical surface,
the 49 source-detector pairs (channels) were placed over the entire left hemisphere. The
position of sources and detectors was established using the International 10/20 system for
EEG recording (Fig. 1(a)). All pre-processing steps were applied using the Homer2 software:
(1) the raw data was first converted from optical intensities to optical densities; (2) a bandpass
filter (0.01-0.08Hz) was then applied to the data using the function “hmrBandpassFilt”; (3)
lastly, optic density was converted to oxyhemoglobin and deoxyhemoglobin concentrations.
The Partial Pathlength Factor (PPF) parameter was set at 6 for both wavelengths. A global
signal was computed by averaging out all channels' time series for each participant. This
signal was then regressed out from each channel signal (Global Signal Regression — GSR
[19]). A Principal Component Analysis (PCA) was computed using the “hmrPCAFilter”
function on Homer?2.

2.3 Connectome fingerprinting analysis

Pearson correlation coefficients were used to calculate the channel-to-channel functional
connectivity and to construct the individual connectome matrices. One 49x49 matrix was
obtained for each individual, each chromophore and each acquisition period, i.e., for resting
period 1, tasks period and resting period 2. The method described in the reference [4] was
then applied for the three “databases” constructed by polling these matrices according to
acquisition period. In this so-called fingerprinting procedure, the individual identification is
determined by computing the Pearson’s correlation coefficient of each individual connectivity
matrix from one database with all the other connectivity matrices from the other database.
The procedure is illustrated in Fig. 1(b). Comparing all subjects in two databases hence
produces a 44x44 matrices (here called the “fingerprinting matrices”) in which lines represent
ordinate individual connectome matrix of one database (period) and columns represent the
ordinate individual connectome matrix of another database. If the maximal correlation
coefficient in the row of such matrix corresponded to the same individual on the column (i.e.,
if the maximum value is at the diagonal of the matrix), the identification was correct.
Accuracies for each condition and chromophore were calculated by determining the number
of correct identifications divided by the total number of iterations (e.g., individuals).
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Fig. 1. (a) The configuration of the fNIRS channel assembly was based on the 10-20 system.
Pairs of optodes were placed to maximize left hemisphere coverage. (b) To compute a
“fingerprint matrix”, the Pearson correlation was calculated between each individual
connectivity matrix from one period database (e.g rest 1) with all the other connectivity
matrices from the database representing another period (e.g rest 2 or task). Thus, row represent
the target connectome and column the predictor. In other words, each pixel (i,j) represent the
correlation of a connectome i of one participant from one database (e.g., rest 1) with
connectome j of any given participant from the other database (e.g., rest 2), and a correct
individual identification corresponds to a maximal correlation coefficient at the diagonal.
Accuracy can be determined by the total number of correct identifications divided by the
number of participants.

3. Results

The accuracies of identification for all the possible combinations (rest 1 vs rest 2, rest 1 vs
task, rest 2 vs task; for HbO and HbR concentrations) are described in Fig. 2. All accuracies
were well-above the average chance level of 2.3% (see results of permutations in Fig. 4),
ranging between 52% and 93%. The higher accuracy levels were obtained in the comparisons
between resting states. Compelling high accuracies were obtained with filtered data but
without removing global signal (with both GSR or PCA) of the oxyhemoglobin (HbO) signal.
Besides presenting lower identification accuracies overall, connectome fingerprinting analysis
based on deoxyhemoglobin (HbR) signal was roughly similar before (raw data) and after
filtering the data or removing global signal.

In summary, identification based on oxyhemoglobin clearly outperformed identification
based on deoxyhemoglobin. The results also suggest that accuracies obtained after removing
global signal with PCA were generally similar to applying GSR.
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Fig. 2. Individual identification accuracies based on the fingerprint procedure for each possible
comparison between targets and predictors of individual connectivity matrices, for oxy and
deoxyhemoglobin signals.

In order to evaluate the possible identification of individuals based on the connectivity
pattern of their global regressed fNIRS signal, we used the connectome matrix constructed
from the signal of one chromophore to identify the matrix constructed from the other one.
Hence, the HbO connectivity matrix of one individual was used to identify their respective
HbR connectivity matrix (Fig. 3). For each comparison between acquisition periods (rest 1,
task and rest 1), the two values of identification accuracies were calculated (identifying HbO
from HbR-based connectomes and vice versa). When values differed, the lowest one was
reported. For all comparisons, identification accuracies were well-above chance level, ranging
from 41% to 73%. Identifications between HbO and HbR matrices using signals from the
same acquisition period (represented on the diagonal of Fig. 3) outperformed accuracies of
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identification from signals of different periods. The greater performance (73%) was achieved
for the comparison between the second resting state period.
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Fig. 3. Accuracy values for the comparisons between oxy and deoxyhemoglobin data, for the
conditions (rest 1, task, rest 2).

The average probability to identify an individual by chance in our data set was of 1/44
~2.3%. To further evaluate the distribution of probability for hit random, a hundred thousand
permutations were performed. Permutations results for both HbO and HbR matrices (Fig. 4)
show that the chance to identify an individual at random peaks at 10%, with a greater density
between 0 and 2%.
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Fig. 4. Histograms of the results of a hundred thousand permutations, simulating random
individual identification.

4. Discussion

The main objective of this study was to evaluate the feasibility of extending the fMRI
connectome fingerprinting analysis to fNIRS data. The obtained results show identification
accuracies peaking at 93% for the oxyhemoglobin and at 86% for the deoxyhemoglobin
signal after filtering the data to a range corresponding to neural slow frequency fluctuations,
but without removing global signal. Moreover, the maximum identification accuracy was
observed for the oxyhemoglobin signal in the comparison between resting conditions. Our
results thus suggest that fNIRS-based cortical connectome might capture the individual
differences in connectivity profiles reported on fMRI studies, further supporting the existence
of uniquely individual functional connectome architectures. However, whether these high
identification accuracies are exclusively due to differences in brain functional architecture
remains uncertain, since possible contributions of extra-cortical signals and differences in the
representation of cortical areas by the optodes positioning cannot be completely ruled out. In
favor of a major contribution of cortical signal, a significant improvement in identification
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accuracy was observed after filtering the signal for frequencies associated with the neural
slow fluctuations underling intrinsic functional connectivity, particularly for the HbR signal.

All studies on connectome fingerprints, to the present date, were based on fMRI data sets.
To the best of our knowledge, this is the first attempt to apply this approach to fNIRS data.
Findings of individual connectome identification through the fingerprinting approach has
been successfully replicated in various fMRI data sets [4-8,21-27]. As both fNIRS and fMRI
signals relies on neurovascular coupling mechanisms, we hypothesized that fNIRS could also
replicate such robust fMRI findings. Though the hemodynamic data acquired with fNIRS are
restricted to superficial layers of the cerebral cortex, its signal appears to contain highly
individual information. Our findings are indeed in agreement with previous fMRI
fingerprinting results showing almost pinpoint identification accuracy for resting-state
functional networks with extensive superficial nodes (e.g. fronto-parietal network) [3,4,8].

Similarly to the BOLD fMRI signal, fNIRS signals can provide indirect information about
cortical neural activity through the variations of oxy and deoxyhemoglobin concentrations.
However, despite providing information about some aspects of neural activity, fNIRS-derived
functional connectivity also contains a non-neural component, particularly on its global signal
(i.e., the average signal across all channels [19]). To evaluate the possibility that an
individual's global neurovascular functional architecture contributes to their connectome-
based identification, the fNIRS data was analysed either before and after removing global
signal with GSR or PCA [28, 29].

Besides removing systemic global artifacts, both PCA and GSR might also remove global
signals of neural origin [19].

However, some limitations of this study should be taken into account. Besides the
relatively small sample, participants did not take off the cap between acquisitions. Hence,
common individual sources of noise may have artificially contributed to increases
identification accuracies Among these sources, different representations of cortical areas
between individuals due to variation in optodes positioning is a major concern. We emphasize
that our results is a first evidence for a fNIRS based connectome fingerprint, but further work
is warranted to confirm these findings, extend it to determined the differential influence of
large scale networks on the fingerprint and to determine the arrangements that maximize
identification accuracy. Therefore, further studies should acquire fNIRS data of the same
individuals longitudinally and with at least two independent and subsequent acquistions.

In short, here we provide the first evidence for assessing the unique architecture (or
fingerprint) of the human functional connectome using fNIRS. Further studies are still desired
for validating these findings in independent data sets and including intervals between
acquisitions. Moreover, in our study the channels were positioned only over the left
hemisphere, thus further investigations should explore the optimal optodes positions in order
to maximize the efficiency of individual identification.

Characterizing individual variability in neural activity and connectivity might have great
impact in many open questions in cognitive neuroscience. For example, recent fMRI have
applied functional connectome fingerprinting to: (1) characterize functional networks of
neurodevelopmental trajectories [6]; (2) understand patterns of affective relationship between
parents and their children [30]; and (3) predict the expression of psychiatric symptoms or
disorders [5-7]. The fNIRS-based cortical connectomes fingerprinting approach could
provide information about the stabilization of functional networks before and after
interventions in realistic settings [31]. Particularly, fingerprint cortical connectome analysis
might help to elucidade the trajectories of neural functional development in children. In
overall, here we provide evidence that fNIRS-based fingerprinting can be developed as an
important new tool to improve neurodevelopmental and mental health research [4-8].
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