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Abstract

Characterizing individual variations is central to interpreting individual differences in neuroscience
and clinical studies. While the field has examined multifaceted individual differences in brain
functional organization, it is only in recent years that neuroimaging researchers have begun to
place a priority on its quantification and optimization. Here, we highlight a potential analytic pitfall
that can lead to contaminated estimates of inter-individual differences. We define a two-
dimensional individual variation field map to decipher sources of individual variation and their
relation to fingerprinting and measures of reliability. We illustrate theoretical gradient flow that
represents the most effective direction for optimization when measuring individual differences.
We propose to use this general framework for dissecting within- and between-individual variation
and provide a supporting online tool for the purposes of guiding optimization efforts in biomarker
discovery.
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Introduction

Over the past decade, neuroscience has witnessed a shift in focus from group-level brain
investigations of the average effect across individuals, to the delineation of variations among
individuals and their relations to genetic and phenotypic variables (e.g., demographic, behavioral,
cognitive, psychiatric)'”. Central to the success of such efforts is the ability to consistently detect
those features that are unique to individuals. Towards this goal, researchers are rapidly working
to quantify and optimize the two primary determinants of our ability to detect individual differences
- within- and between-subject variation® 2.

At the outset, such optimization could seem like a relatively simplistic problem, as there are only
two terms to be considered. However, meaningful detection of individual differences requires
optimization of the ratio of these two sources of subject-related variation (between, within), rather
than the two terms independently®>®'#'3 Optimization of such ratios can be challenging,
particularly when: i) the data necessary to address both terms (e.g. test-retest data) is either not
considered or not available, and ii) there are a large number of potential contributors to each
term?'"1314 A growing number of studies in neuroimaging have shifted their focus to the
delineation of individual-level effects and their variations. The most immediate challenge that has
become obvious is the cross-sectional nature of the vast majority of datasets, allowing for
estimation of between-subject variance but lacking the repeated measurements required to
establish within-subject variability. A small subset of investigators has worked to amass densely
sampled test-retest datasets which can be used to assess both sources of variance' 8. This is
not necessarily a complete solution, as one must assess the generalizability of such datasets to
the larger body of data, which can be challenging due to a lack of standardized data collection
protocols, as well as considerations related to sampling’®?°. Regardless, it is a critical step
towards understanding the factors contributing to the detection and optimization of individual
differences, and motivating greater consideration of these issues in future study designs.

Having the data needed for optimization available, the present Perspective attempts to provide
guidance for how to assess the impact of interventions on the optimization of individual difference
detection. We first illustrate the impact of within-individual variation when measuring individual
differences of brain-behavior associations. We then discuss sources of the within- and between-
individual variation, as well as interactive effects in the design of neuroimaging experiments. Next,
we review the concepts of fingerprinting, reliability, and how these two concepts can be bridged
in a unifying two-dimensional space to quantify individual differences'"?'?2, We highlight a
potential analytic pitfall that can lead to contaminated estimates of inter-individual differences and
enhance recently developed individual variation field maps to more accurately reflect within- and
between-subject contributions. We propose the gradient flow map to guide efforts for optimizing
measurement of individual differences (i.e., optimization of within vs. between-subject variation).
Finally, we demonstrate the applicability of gradient flow maps for optimizing analytic strategies
using fMRI-derived functional connectivity matrices.
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Within-individual Variation
“No man ever steps in the same river twice” - Heraclitus.

The human brain is a dynamic system, continuously updating itself in response to internally and
externally generated stimuli and task demands in support of higher-order cognition®®. From
moment to moment, patterns of neural activity traverse the connectome, like waves moving along
a river bed that is being remodeled over time. This notion is reflected in classical (psychometric)
test-theory, which asserts that no two moments in time are ever exactly the same for an individual
- a reality that challenges efforts seeking to meaningfully measure individual brain function®. Any
experiment merely captures a sample of a certain time-scale moment from the entire time domain
of the given individual; considered in the present context, within-individual variation is the rule —
not the exception. However, in the midst of this change is a dynamic equilibrium supported by
homeostatic processes. It is this equilibrium that allows the brain to maintain order despite its
dynamic nature, and allows brain measures to approach repeatability over time (i.e., agreement
between temporally independent test results), despite never being exactly the same'®17:25:26,

Research methods in experiment design and statistics have developed a variety of paradigms to
control or study the within-individual variation (e.g., repeated measure, longitudinal design, etc.).
However, in cross-sectional studies, within-individual variation is often overlooked or
misinterpreted as inter-individual variation when studying individual differences in brain function.
We demonstrate this by simulating a simple illustrative example in which subjects with known
“‘ground truth” and inter-individual differences can generate distinct observed individual
differences, driven by within-individual variation (Fig 1). In Fig 1a, we simulated a “ground-truth”
score for each of the ten subjects. In an ideal scenario, we expect to obtain the ground-truth
individual difference (i.e. inter-individual distance matrix, Fig 1c, left matrix). However, due to the
variation of the measurement within each individual, the observed score from each test of the
individual varies. As such, the resulting observed individual difference is different (Fig 1c, test 1
vs. test 2). As the variation of within-individual measurement increases (e.g., more variation
across measurements, Fig 1b), the observed individual differences between tests would vary
even more (Fig 1d, test 1 vs. test 2) and likely be more distinct from the “ground truth” differences.
Such variation of brain measurements within individuals can also have an impact on studies of
brain-wide associations. In Fig 1e-f, we show examples of varied correlation scores purely driven
by the variations of measures within each sampling individual. The simulated correlation with
another variable (e.g., IQ) based on the same ground-truth (r=0.35 from the population) can either
result: 1) in inconsistencies in findings (Fig 1e) across samples (i.e., insignificant (r=0.282,
p=0.101, n=35) or significant (r=0.365, p=0.031, n=35)) or 2) lower the statistical power to detect
the brain-wise association when individual within-individual variation is sufficiently high (Fig 1f).
Thus, although the ground-truths remain the same, the measured individual difference can be
different due to within-individual variation alone.
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Measured Individual difference driven by the within individual variation
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Fig 1. Simulations demonstrating the effects of within-individual variation on measuring
individual differences. The observed individual differences can vary due to the within-individual
variation. All simulations of observed inter-individual differences are generated from the same
known “ground truth” (marked in cross “X”). a—b) Simulations of two measurements (sample1
from the first test: diamond, sample 2 from the second test: triangles) from 10 subjects with low
(left panel) and high (right panel) within-individual variation. ¢—d) The measured individual
differences (inter-individual distance matrix) from two measurements (sample 1 and sample 2)
vary due to the within-individual variation. e—f) Associations with another simulated variable vary
due to the within-individual variations. The greater within-individual variation (right panel vs. left
panel) introduces noisier samples.

Sources of Individual Variation

There are various sources of the within-individual variation when measuring the individual
difference in brain function (Box 1). As depicted in Figure 2, regardless of the time-scale one
considers (e.g., seconds, minutes, days, months, years), numerous potential sources of within-
subject variation exist which are capable of individually or jointly impacting brain function and/or
its measurements. The breadth of sources of variation can be overwhelming, though consistent
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with prior suggestions, they can be sorted into subgroups, such as acquisition-, experimental-,
environmental-, participant-, and analysis-related factors'?-2°. Most of these factors are a
nuisance, creating undesirable perturbations in analysis and leading to potential biases in
measuring individual differences, especially when the factors are systematic in nature®®?'.
However, some can create opportunities for understanding the impact of biologically meaningful
processes on brain function (e.g., time of day) when explicitly considered in the experimental
design or analysis (e.g., the MyConnectome project)'®2°.

How do the different sources of variation impact the measurement of individual differences? In
general, measurements that have relatively lower within-subject variation and higher between-
subject variation lead to improved individual differentiation®. It is important to note that neither the
within- or between-subject variation alone determine the individual difference, but their ratio. For
example, there is always variation from session to session within each individual. However, when
the functional connectivity of a given subject is relatively more similar from one session to the next
as compared to other individuals, this subject can be recognized and differentiated from others.
When measuring individual differences of the functional connectome on a finer time-scale (e.g.,
functional dynamics in minutes or seconds), the dynamic changes from moment to moment may
not be stable within-subject. Yet, the dynamic characteristics (e.g., the principle that governs the
dynamics, how the network configurations vary, etc.) may be relatively similar within subjects as
compared to across subjects®®. Thus, it is important to decipher sources of variation at different
time scales both within- and between-subjects, as well as their proportional impact in overall
variations"’.

It's worth noting that sources of within-individual variation can also contribute to between-
individual variations. For example, if participants included in the analysis are scanned at different
times during the day, or undertake different experiment states (e.g., rest, task, movie)**2. Even
for the same task, participants can adopt different cognitive strategies resulting in variation
between subjects’. Although previous studies have demonstrated that functional networks are
largely stable within individuals, that is, variation across sessions or tasks contributes less
compared to between-individual variations'’, few studies differentiate within-individual variation
from total observed variation. In particular, in cross-sectional studies, an individual's connectome
is often assumed to be stable and interpreted as part of the interindividual difference. This is
problematic because as shown in Figure 1, within-individual variation can jeopardize the
estimation of true inter-individual differences when it is large relative to between-individual
differences. Such contaminations of between-subject differences can compromise brain-behavior
association discovery.

Box 1 Multi-level sources of variation within individuals. Depending on the timescale of the data,
sources of variation can exist across multiple levels: from moment to moment, day-to-day, month-
to-month, or year-to-year. At each timescale, brain function can also vary with internal and
external factors. Fig 2 summarizes common potential sources of within-individual variation in brain
function. From moment to moment, brain functional organization varies along with ongoing
fluctuation for each individual subject®®*. Such dynamic activity reflects the changes of the brain
state with internal awareness and/or external stimulus. For example, during a resting-state scan,
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the brain state tends to change as the mind wanders while a subject watching a movie or
undertaking a specific task (e.g., Wisconsin Card Sorting Test) will undergo state changes
consistent with the ongoing stimulus®*3®. From hour to hour, diurnal rhythms during the day can
alter the brain state, as well as circadian rhythms which govern the homeostatic metabolomic and
have shown daily variations on functional connectomes®. These can be further affected by
external factors (e.qg., feeding, caffeination, sleep quality the day before the scan)'®*2. From weeks
to months, seasonal effects and the life events might change the subjects’ mood and cognitive
functions, affecting the brain state during measurement®’¢, Biological and psychological changes
with individual unique experiences also lead to variations in functional organization'. From year
to year, age effects of brain development combined with long-term environmental-social
influences (e.g., education, income) contribute to the variation within individuals®*=2.
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Fig 2. Factors affect the measure of individual differences.

Assessing the impact of within- and between-individual variation on
measuring individual differences: from fingerprinting to reliability

To put the contributions of within- and between-individual variation to measurements of individual
differences into context with one another, it is helpful to characterize the sources of variation in a
two-dimensional space in which each is treated as an independent dimension (i.e. x-axis: within-
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individual variation, y-axis: between-individual variation)&g. Within this space, conditions in which
within-subject variation is low and between-subject variation is high are optimal for the detection
of differences among individuals. In contrast, conditions, where between-subject variation is low
and within-subject variation is high, are the least optimal. It is common practice for summarizing
the relative contributions of the two dimensions in a single value. For example, when looking at
continuous measurements, the ratio of between-individual variation divided by the sum of within-
individual and between-individual variation, namely the intraclass correlation (ICC), is widely used
to quantify how well the measure can characterize reliable individual difference***°. As modern
neuroscience has increased the dimensionality of characterizations for an individual, the field has
faced the challenge of how to achieve such indices for multivariate profiles??#¢. One solution that
has emerged in neuroimaging is fingerprinting, a nonparametric index that quantifies whether the
individuals can be matched with themselves across repetitions?’. Alternatively, three approaches
to generalizing the ICC to multivariate formulations have emerged, including i) a parametric
extension of the classic ICC formulation, image intraclass correlation coefficient (12C2)*, ii)
distance-based ICC (dblCC), which reformulates the ICC in terms of distances*, and iii)
discriminability, a nonparametric index that assesses the degree to which an individual’s
repetitions are relatively similar to one another?>4°,

Box 2, Indexing individual difference. The toy example includes two repetitions in ten participants.
Figure 3a shows the pairwise symmetric distance matrix between each of the repetitions, ordered
by participants. The block-diagonal elements indicate how different the repeated measures are
within participants, whereas off-diagonal elements represent the dissimilarity of measures
between participants. We then construct a two-dimensional space by plotting the observed
between-individual elements along the y-axis against the within-individual value on the x-axis (Fig
3b). Each between-individual element for a row or column in the distance matrix can be
represented by an array of dots in the distance space. It's important to note that the x=y line in
this space represents the case that within-individual distance equals the observed between-
individual distance. The dots above the x=y line (i.e. x<y, red shaded zone) represent the cases
that the difference within individuals is lower than the difference observed between individuals.
By counting the number of dot-columns that fully fall above the x<y zone (i.e. within-individual
distance < between-individual distance) as compared to the number of individuals (i.e. total
number of dot columns), we can calculate the percentage that the individual subjects can be
successfully differentiated from the group (i.e. identification rate, a.k.a. fingerprinting). In the toy
example, 3 out of 10 dot columns are above the x=y line and resulting in a fingerprinting score of
0.3 (Fig 3b). If more dots fall above the x<y zone, the repetitions within individuals are more likely
similar to one another but distant from other individuals. Instead of counting the percentage of the
dot columns above the x=y line, discriminability measures the percentage of dots above the x=y
line as compared to the total number of dots. We can also estimate the ratio of between-individual
variation in total observed individual variation (i.e. ICC, equations in Fig 3b).

In neuroimaging and psychology, ICC and its extension (e.g. 12C2, dblCC) are widely used
approaches for assessing reliability (i.e. the degree of agreement or consistency of
measures)**3505%" " |n the context of measuring individual differences, ICC, by definition,
represents how much inter-individual variation can be measured. This is particularly useful in



https://doi.org/10.1101/2022.01.27.478100
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.27.478100; this version posted January 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

studying individual differences and brain-behavior relationships. For example, if ICC=0.5 of a
given measurement, regardless of neuroimaging or behavioral measurement, indicates that the
observed measurement can only capture 50% of the inter-individual variation of interest from
observed inter-individual variation that is contaminated with within-individual variations.

With many indices emerging to take on the challenge of measuring individual differences and
calculating reliability, understanding the advantages and limitations of each can aid in selecting a
few in applications. First, we draw attention to parametric assumptions for a given data set (e.qg.,
Gaussian distribution, homogeneous variance). In cases where data is not Gaussian distributed,
ICC and dbICC can be highly misleading (Fig 3c). Additionally, in some cases, which often occur
in neuroimaging studies, ICC and dblCC are negative due to the negative difference between two
mean-square terms in the computational formula*®; although not inherently problematic, in
practice, negative ICC/dbICC is not interpretable. Second, each index provides different
sensitivity. High discriminability is required for fingerprinting (i.e. identification), but not vice versa;
in some conditions, fingerprinting and discriminability will diverge, with fingerprinting potentially
leading to the wrong conclusions''. To understand this, we draw your attention to a simple
scenario using a toy model in Fig 3d. Specifically, situations can arise where most, but not all, of
the between-individual distances are larger than the within-individual distance (i.e. most dots are
in the x <y zone, but none of the entire dot columns are in x <y zone; x = within-subject distance;
y = between-subject distance). In such instances (Fig 3d), the individual difference is relatively
discriminable, but fingerprinting would be zero — and thus, misleading with respect to potential
for optimization and eventual usage.

An important caveat to be aware of when using multivariate indices of reliability is that they do not
guarantee the reliability of each univariate feature. It is well established that reliability differs
across regions and connections in the brain®>®2. Some features may contribute more to the
detectability of individual differences than others®®; and, it is possible that some features may
differentiate a subset of individuals, but not all. As such, the reliability for a multivariate profile
should not be assumed to be a reflection of that for its individual features. A sensitivity test (e.g.,
leave-one-out analysis) to examine the contributions for each of the individual features or the
univariate reliability needs to be considered.

a) Within- and between individual b) Measuring individual difference and reliability ) ICC failed to detect the identifiable data d) Fingerprinting failed to detect
distance matrix when Gaussian assumption is violated the relatively reliable data

ICC(dbICC)=0.49,
Fingerprinting=0.3,
D ilty=0.81

Pilserimi

o o I

_ count (dots in red shade)

H s 3
] 3 ) 3
5 s §
Sub2 2 count (dots in total) & & ° A H <//
3 8 ) k3 e
Sub3 3 Fi inti 3 E B W 3 e
Subd § INGEIPIINting. _ 5t (red columns) £ E : 2 /
2 ! ‘count (subjects) 2 ® g 3 |
Suvs g - i g rate) c g8 5 ° C/
- E]
?j%- u ' 2 WA e ATrue) o 2 ICC(dbICC)=0.11 (failed) 2 )F_C(de;_C)f:o.sc(;) o)
= - = rved) o242 2 Fingerprinting=1 2 ingerprinting=0 (failet
Subs ﬂ ety deniied” oxObserved) o + 0 3 Diserminabiityt B Discriminability=0.87
) > g !
Sub9 g i o dbiCC = 1 - Eld?] / Eld}) HI4 2
Sub10 pull L 3 g2 ) > & |/ a | o, o
= where EdZ] = 262, E|d}) = 20} + 207 YA TR

d, : : :
[ session 1 Within-individual distance Within-individual distance Within-individual distance
I session 2

Fig 3. The two-dimensional distance field map characterizes within- and between-
individual variability. a) Distance matrix across individuals and two repeated measures.
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probability that the distance between sessions within each individual is smaller than distances to
other individuals. ICC values are estimated with the ratio of between-individual variation divided
by the sum of within-individual and between-individual variation. Fingerprinting is estimated by
the proportion of individuals correctly identified (modified from'"). c-d) Examples in which
fingerprinting and ICC are essentially uninformative and arguably provide misleading information.

Optimizing Measurement of Individual Variation

Once one has properly assessed reliability for a given measure, the next logical question is: how
can reliability be improved. While researchers commonly focus on reliability alone in optimization
efforts, this can be problematic due to its ratio nature of two individual-related sources (within and
between-subject variation). As with any ratio measure, the best intuitions for efficient optimization
require one to take into account each of the terms individually as well as in combination. Here,
we formalize a framework for assisting researchers in this process, referred to as “gradient flow
mapping” and introduce a supporting online tool - Reliabilty  Explorer
(https://tingsterx.shinyapps.io/ReliabilityExplorer/). Central to the concept of gradient flow
mapping is to construct the variation space (Fig 4a-c) using the estimated “true” between-
individual variation oZ (y-axis) against the within-individual variation o2 (x-axis). Unlike the
distance space above (Fig 3), here we focus on the estimated “true” between-individual variation
rather than the observed between-individual distance. This distinction is important because, as
previously discussed, the observed between-subject variation is contaminated by the within, and
resulting individual differences are overestimated. Separating “true” between-individual variation
and within-individual variation enables understanding the contribution of each term for
optimization.

As shown in Figure 4a, a measurement with lower within-individual variation (i.e. decrease x, from
point B to point A) and higher between-individual variation (i.e. increase y, from point D to point
C) provides higher reliability (i.e. ICC). However, contributions of the within- and between-
individual variation for improving the reliability are not always the same. For example, if a measure
has relatively small x and large y (e.g. point A in Fig 4b), the reduction in x (within-individual
variation) improves ICC more than a similar increment in y (between-individual variation). On the
other hand, if a measure is relatively high in x but low in y (e.g. point C in Fig 4b), the most efficient
direction to improve the reliability is to increase the between-individual variation. Such optimal
direction for improving reliability can be calculated as the first derivative of the ICC (Fig 4b). The
improvement of x and y that is closest to this optimal direction is more likely to improve the
discriminability the most under Gaussian assumption. Additionally, by normalizing the changes of
the ICC as compared to the optimal direction (Fig 4c), we can assess how possible analytic
strategies and experiment designs improve the reliability and whether the improvement is in the
most efficient direction. In Figure 4d-e, we showed an example of comparing the reliability of
functional connectivity (seed: posterior cingulate cortex) between two analytic pipelines (with and
without global signal regression [GSR]). Utilizing the variation field space and the gradient flow
map, it's easier to understand how different analytic methods manipulate the within- and between-
individual variation and whether it improves the reliability to characterize individual differences.
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Fig 4. Individual variation field and its gradient flow map guide the comparison and
optimization of measuring individual differences. a) The two-dimension theoretical individual
variation field map characterizes within- and between-individual variability and the likelihood of
individual characterization (quantified by the intraclass correlation reliability). b) The theoretical
gradient flow map captures the most efficient way for improving reliability (i.e. the first derivative
of the ICC). ¢) Normalized changes of variation as compared to the optimal direction for improving
ICC. d) The within- and between- individual variability of functional connectivity (seed: posterior
cingulate cortex [PCC]) calculated based on two preprocessing pipelines (with and without GSR).
e) Relative change of variation normalized along to the optimal direction. f) Relative change of
variation mapped on the cortex.

Concluding Remarks

Reliability of measurement is a well-established prerequisite of individual difference research.
However, when faced with the challenges of generating the necessary datasets to meaningfully
estimate individual differences, many psychology and neuroscience studies have forged ahead
without careful consideration of within-individual variation or its relevance to measurement
reliability. This work provides a critical guide for conceptualizing reliability in terms of its
component variations (within- and between-individual variations). We drew attention to the reality
that within-individual variation, regardless of whether it is meaningful or noise, is always
embedded in the observed scores of individual differences. We highlighted measurement
reliability as a critical means of accounting for such variations and putting them into context with
between-individual variations, providing insights into how to best choose a method for quantifying
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reliability for a given analytic context. Additionally, we updated the calculation approach for
reliability field maps to better account for within-subject contributions to individual differences.

Recognizing the growing need for techniques to guide optimization efforts for measurement of
individual differences, we further proposed the reliability gradient flow map to quantify the
optimization efforts of measuring reliability and individual variations. In support of our Perspective,
we develop an online app that integrates reliability concepts, calculation, and optimization to
bridge the gap between establishing reliability and measuring individual variations
(https://tingsterx.shinyapps.io/ReliabilityExplorer). We hope that the guidance and toolbox will
help calculate and compare reliabilities across experiments and analytic methods to facilitate
studying individual differences in neuroscience and psychology.

Code Availability
The toolbox is implemented using web-based R/Shiny application and is freely available on
shinyapps.io: https://tingsterx.shinyapps.io/ReliabilityExplorer

Acknowledgments

This work is supported by gifts from Joseph P. Healey, Phyllis Green, and Randolph Cowen to
the Child Mind Institute and the National Institutes of Health fundings (R24MH114806 to MPM,
RF1MH128696 to TX, Additional grant support for JTV comes from R0O1MH120482 (to Theodore
D. Satterthwaite, MPM) and funding from Microsoft Research.

11


https://doi.org/10.1101/2022.01.27.478100
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.27.478100; this version posted January 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Reference

1. Seghier, M. L. & Price, C. J. Interpreting and Ultilising Intersubject Variability in Brain
Function. Trends Cogn. Sci. 22, 517-530 (2018).

2. Dubois, J. & Adolphs, R. Building a Science of Individual Differences from fMRI. Trends
Cogn. Sci. 20, 425-443 (2016).

3. Barch, D. M. et al. Function in the human connectome: task-fMRI and individual differences
in behavior. Neuroimage 80, 169—189 (2013).

4. Vanderwal, T. et al. Individual differences in functional connectivity during naturalistic
viewing conditions. Neurolmage vol. 157 521-530 (2017).

5. Finn, E. S. et al. Can brain state be manipulated to emphasize individual differences in
functional connectivity? Neurolmage vol. 160 140-151 (2017).

6. Lebreton, M., Bavard, S., Daunizeau, J. & Palminteri, S. Assessing inter-individual
differences with task-related functional neuroimaging. Nat Hum Behav 3, 897-905 (2019).

7. Van Horn, J. D., Grafton, S. T. & Miller, M. B. Individual Variability in Brain Activity: A
Nuisance or an Opportunity? Brain Imaging Behav. 2, 327—334 (2008).

8. Henry, F. M. Reliability, Measurement Error, and Intra-Individual Difference. Research
Quarterly. American Association for Health, Physical Education and Recreation 30, 21-24
(1959).

9. Xing, X.-X., Zuo, X.-N. & Others. The anatomy of reliability: a must read for future human
brain mapping. Sci Bull. Fac. Agric. Kyushu Univ. 63, 1606—1607 (2018).

10. Chen, B. et al. Individual Variability and Test-Retest Reliability Revealed by Ten Repeated
Resting-State Brain Scans over One Month. PLoS One 10, e0144963 (2015).

11. Milham, M. P., Vogelstein, J. & Xu, T. Removing the Reliability Bottleneck in Functional
Magnetic Resonance Imaging Research to Achieve Clinical Utility. JAMA Psychiatry 78,
587-588 (2021).

12. Noble, S. et al. Influences on the Test—Retest Reliability of Functional Connectivity MRI and
its Relationship with Behavioral Utility. Cereb. Cortex 27, 5415-5429 (2017).

13. Noble, S., Scheinost, D. & Constable, R. T. A guide to the measurement and interpretation
of fMRI test-retest reliability. Curr Opin Behav Sci 40, 27-32 (2021).

14. Nichols, T. E. et al. Best practices in data analysis and sharing in neuroimaging using MRI.
Nat. Neurosci. 20, 299-303 (2017).

15. Poldrack, R. A. et al. Long-term neural and physiological phenotyping of a single human.
Nat. Commun. 6, 8885 (2015).

16. Baranowski, T. et al. Intraindividual variability and reliability in a 7-day exercise record.
Med. Sci. Sports Exerc. 31, 1619-1622 (1999).

17. Gratton, C. et al. Functional Brain Networks Are Dominated by Stable Group and Individual
Factors, Not Cognitive or Daily Variation. Neuron 98, 439-452.e5 (2018).

18. Zuo, X.-N. et al. An open science resource for establishing reliability and reproducibility in
functional connectomics. Sci Data 1, 140049 (2014).

19. Laird, A. R. Large, open datasets for human connectomics research: Considerations for
reproducible and responsible data use. Neuroimage 244, 118579 (2021).

20. Poldrack, R. A. et al. Scanning the horizon: towards transparent and reproducible
neuroimaging research. Nat. Rev. Neurosci. 18, 115-126 (2017).

21. Finn, E. S. et al. Functional connectome fingerprinting: identifying individuals using patterns
of brain connectivity. Nat. Neurosci. 18, 1664—-1671 (2015).

22. Bridgeford, E. W. et al. Eliminating accidental deviations to minimize generalization error
and maximize replicability: Applications in connectomics and genomics. PLoS Comput.
Biol. 17, €1009279 (2021).

23. Fox, M. D. et al. The human brain is intrinsically organized into dynamic, anticorrelated
functional networks. Proc. Natl. Acad. Sci. U. S. A. 102, 9673-9678 (2005).

12


https://doi.org/10.1101/2022.01.27.478100
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.27.478100; this version posted January 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

24. DeVellis, R. F. Classical test theory. Med. Care 44, S50-9 (2006).

25. Laumann, T. O. et al. On the Stability of BOLD fMRI Correlations. Cereb. Cortex 27, 4719—
4732 (2017).

26. Yang, Z. et al. Measurement Reliability for Individual Differences in Multilayer Network
Dynamics: Cautions and Considerations. doi:10.1101/2020.01.24.914622.

27. Yan, C.-G., Craddock, R. C., Zuo, X.-N., Zang, Y.-F. & Milham, M. P. Standardizing the
intrinsic brain: towards robust measurement of inter-individual variation in 1000 functional
connectomes. Neuroimage 80, 246-262 (2013).

28. Botvinik-Nezer, R. et al. Variability in the analysis of a single neuroimaging dataset by many
teams. Nature 582, 84—88 (2020).

29. Schilling, K. G. et al. Tractography dissection variability: What happens when 42 groups
dissect 14 white matter bundles on the same dataset? Neuroimage 243, 118502 (2021).

30. Glatard, T. et al. Reproducibility of neuroimaging analyses across operating systems. Front.
Neuroinform. 9, 12 (2015).

31. Kiar, G. et al. Numerical Uncertainty in Analytical Pipelines Lead to Impactful Variability in
Brain Networks. bioRxiv 2020.10.15.341495 (2021) doi:10.1101/2020.10.15.341495.

32. Blautzik, J. et al. Classifying fMRI-derived resting-state connectivity patterns according to
their daily rhythmicity. Neuroimage 71, 298-306 (2013).

33. Garrett, D. D. et al. Moment-to-moment brain signal variability: a next frontier in human
brain mapping? Neurosci. Biobehav. Rev. 37, 610-624 (2013).

34. Smallwood, J. & Schooler, J. W. The science of mind wandering: empirically navigating the
stream of consciousness. Annu. Rev. Psychol. 66, 487-518 (2015).

35. Vatansever, D., Menon, D. K. & Stamatakis, E. A. Default mode contributions to automated
information processing. Proc. Natl. Acad. Sci. U. S. A. 114, 12821-12826 (2017).

36. Hodkinson, D. J. et al. Circadian and homeostatic modulation of functional connectivity and
regional cerebral blood flow in humans under normal entrained conditions. J. Cereb. Blood
Flow Metab. 34, 1493—-1499 (2014).

37. Di, X., Wolfer, M., Kihn, S., Zhang, Z. & Biswal, B. B. Estimations of the weather effects on
brain functions using functional MRI: a cautionary note. Hum. Brain Mapp. (2021).

38. Shine, J. M., Koyejo, O. & Poldrack, R. A. Temporal metastates are associated with
differential patterns of time-resolved connectivity, network topology, and attention. Proc.
Natl. Acad. Sci. U. S. A. 113, 9888-9891 (2016).

39. Tooley, U. A., Bassett, D. S. & Mackey, A. P. Environmental influences on the pace of brain
development. Nat. Rev. Neurosci. 22, 372-384 (2021).

40. Hackman, D. A. & Farah, M. J. Socioeconomic status and the developing brain. Trends
Cogn. Sci. 13, 65—73 (2009).

41. Kolb, B., Forgie, M., Gibb, R., Gorny, G. & Rowntree, S. Age, experience and the changing
brain. Neurosci. Biobehav. Rev. 22, 143—-159 (1998).

42. Bethlehem, R. A. I. et al. Brain charts for the human lifespan. bioRxiv 2021.06.08.447489
(2021) doi:10.1101/2021.06.08.447489.

43. Chen, G. et al. Intraclass correlation: Improved modeling approaches and applications for
neuroimaging. Hum. Brain Mapp. 39, 1187-1206 (2018).

44. McGraw, K. O. & Wong, S. P. Forming inferences about some intraclass correlation
coefficients. Psychol. Methods 1, 30—46 (1996).

45. Brandmaier, A. M. et al. Assessing reliability in neuroimaging research through intra-class
effect decomposition (ICED). Elife 7, (2018).

46. Yoo, K. et al. Multivariate approaches improve the reliability and validity of functional
connectivity and prediction of individual behaviors. Neuroimage 197, 212—-223 (2019).

47. Shou, H. et al. Quantifying the reliability of image replication studies: the image intraclass
correlation coefficient (12C2). Cogn. Affect. Behav. Neurosci. 13, 714—724 (2013).

48. Xu, M., Reiss, P. T. & Cribben, I. Generalized reliability based on distances. Biometrics 77,

13


https://doi.org/10.1101/2022.01.27.478100
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.01.27.478100; this version posted January 28, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

49.

50.

51.

52.

53.

available under aCC-BY-NC-ND 4.0 International license.

258-270 (2021).

Wang, Z., Bridgeford, E., Wang, S., Vogelstein, J. T. & Caffo, B. Statistical Analysis of Data
Repeatability Measures. arXiv [stat.AP] (2020).

Noble, S., Scheinost, D. & Constable, R. T. A decade of test-retest reliability of functional
connectivity: A systematic review and meta-analysis. Neuroimage 203, 116157 (2019).
Zuo, X.-N. & Xing, X.-X. Test-retest reliabilities of resting-state FMRI measurements in
human brain functional connectomics: a systems neuroscience perspective. Neurosci.
Biobehav. Rev. 45, 100-118 (2014).

Jiang, C., Betzel, R., He, Y. & Zuo, X. N. Toward Reliable Network Neuroscience for
Mapping Individual Differences. bioRxiv (2021).

Hong, S.-J. et al. Toward a connectivity gradient-based framework for reproducible
biomarker discovery. Neuroimage 223, 117322 (2020).

14


https://doi.org/10.1101/2022.01.27.478100
http://creativecommons.org/licenses/by-nc-nd/4.0/

