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 A B S T R A C T

Functional connectivity magnetic resonance imaging (fcMRI) is a well-established technique for studying brain 
networks in both healthy and diseased individuals. However, no fcMRI-based biomarker has yet achieved 
clinical relevance. To establish better understanding of the state of the art in quantifying abnormal connectivity 
in comparison to a reference distribution, for potential use in individual patients, we have conducted a scoping 
review over 5672 entries from the last 10 years. We have located five publications proposing metrics of 
abnormal connectivity quantification, reported these metrics, formalized their computing methods, assessed 
their technology readiness and estimated their computational efficiency. Building upon our findings, we have 
discussed the metrics’ lesion data handling, region of interest level of detail and potential clinical use cases. We 
also proposed methodical and computational strategies for improvement of current and emerging abnormality 
quantification metrics in fcMRI research.
. Introduction

.1. Resting-state functional connectivity MRI and its potential as a basis 
or clinically feasible diagnostic approaches

Functional connectivity magnetic resonance imaging (fcMRI), first 
sed for connectivity analysis in humans by Biswal et al. (1995) and 
ased on the blood oxygen level dependent (BOLD) signal (Ogawa 
t al., 1990; Logothetis, 2003; Buxton et al., 1998), is widely regarded 
s a valuable imaging method for the inquiry into connectivity in 
uman (Buckner et al., 2013; Zhang et al., 2021) and non-human (Pa-
ani et al., 2023) brain research alike. With the scientific community 
ncreasingly reconceptualizing neurodegenerative (Franzmeier et al., 
020; Rauchmann et al., 2022), psychiatric (Georgiadis et al., 2024) 
nd neuro-oncological (Winkler et al., 2023; Hausmann et al., 2022; 
alvalaggio et al., 2024) disorders as ‘‘network disorders’’, fcMRI-based 
iomarkers that quantify abnormal connectivity in relation to the distri-
ution in a healthy reference sample may pave a way for individualized 
onnectivity metrics suited for validation and application in clinical 
iagnostics.

∗ Corresponding authors.
E-mail addresses: toloknieiev.artur@campus.lmu.de (A. Toloknieiev), sophia.stoecklein@med.uni-muenchen.de (S. Stoecklein).

FcMRI-based methods have been previously utilized in a wide vari-
ety of contexts. For instance, fcMRI was employed to guide repetitive 
transcranial magnetic stimulation (TMS) in depression (Fox et al., 
2012), Parkinson disease (Brys et al., 2016) and post-stroke apha-
sia (Ren et al., 2023), and can be helpful for informing presurgical plan-
ning in brain tumor patients (Cui et al., 2022). Likewise, fcMRI-derived 
biomarkers can be used to aid prognostication in neuro-oncological 
patients (Salvalaggio et al., 2024), as an association between overall 
survival and tumor connectivity to distant brain regions has been 
reported (Sprugnoli et al., 2022). Moreover, reports of correlation 
between tau accumulation rates and connectivity strength to tau epi-
centers (Franzmeier et al., 2020), as well as of spatial association of 
functional connectivity changes with microglial activation in A𝛽- and 
tauopathies such as Alzheimer’s disease (Rauchmann et al., 2022) sug-
gest high utility of fcMRI-based biomarkers in diagnosis and prognos-
tication of neurodegeneration. Lastly, fcMRI-based metrics have been 
used for therapy control and adverse effect management in hemato-
oncological conditions (Stoecklein et al., 2023b), and thus have a 
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potential to improve adverse effect management in systemic therapies. 
These examples illustrate only a subset of potential fcMRI applications, 
suggesting broader clinical applicability.

When aiming at clinical applicability, resting-state fcMRI (rs-fcMRI) 
exhibits various advantages over task-based fMRI. Firstly, it is eas-
ier to implement in routine clinical scanning as it does not require 
additional equipment, such as MRI-compatible monitors. Secondly, it 
is independent of the patient’s language proficiency and ability to 
follow task-paradigms. Finally, it provides a holistic assessment of the 
entire brain’s functional connectivity architecture, rather than assessing 
specific task domains or networks. We have therefore focused this 
scoping review on the rs-fcMRI literature.

1.2. Current challenges in the adoption of rs-fcMRI-derived metrics

To date, no fcMRI biomarker has achieved clinical relevance. This 
can be attributed to limited interpretability and generalizability of rs-
fcMRI data stemming from a set of factors, most notably biological 
variance, technical variance and a distinct lack of established normative 
ranges for functional connectivity in humans. A short overview is given 
below.

1.2.1. Biological variance
The first significant factor of biological variance consists of 

intra-individual variance in biological dynamics. For example, res-
piratory cycle and cardiovascular variables such as diastolic blood 
pressure influence the effective connectivity variance between and 
within resting-state networks (Sjuls and Specht, 2022). Additionally, 
circadian rhythms, menstrual cycle, substance influence, emotional 
state (Duncan and Northoff, 2013) and self-generated thoughts (‘‘mind-
wandering’’) (Brennan et al., 2020) have been described as sources of 
intra-subject variance in rs-fcMRI experiments.

1.2.2. Technical variance
The factor of technical variance is a complex one. It consists of 

variance of data quality and is defined by scanner-, participant-, ac-
quisition protocol- and processing-related influences. The scanner itself 
constitutes the first major source of potential variabilities, with field 
strength, scanner vendor and precise scanner element and upgrade 
composition being described as relevant confounders (Han et al., 2006), 
all leading to a variable spatial distribution of the signal-to-noise and 
contrast-to-noise ratios of the BOLD signal across the brain, which in 
turn significantly influence connectivity metrics (Jovicich et al., 2009; 
Mueller et al., 2015). Field inhomogeneities and MRI artifacts such as 
ghosting (Reeder et al., 1997) or drift artifacts (Takao et al., 2011) and 
thermal noise (Triantafyllou et al., 2005, 2010) have been shown to 
considerably influence the fcMRI data quality. Moreover, recent studies 
have demonstrated that vendor-specific slice- and volume-censoring 
techniques can also bias voxel-level connectivity estimates (Kayvanrad 
et al., 2021). The influence of acquisition protocol aspects constitutes 
another major source of variability in quality of data for analytical 
and statistical purposes. For instance, the test-retest reliability of fcMRI 
experiments depends on both, the session scan duration and the number 
of sessions (Teeuw et al., 2021; Mueller et al., 2015), while dynamic 
functional connectivity test-retest reliability was demonstrated to de-
pend significantly on the choice of sliding window size (Zhang et al., 
2018).

The participant is another considerable source of technical variance. 
Particularly, head motion has long been known to drastically impact 
functional connectivity measures (Van Dijk et al., 2011), and has been 
related to physiological, behavioral and demographic measures in Hu-
man Connectome Project (HCP) data (Siegel et al., 2016). Patient data 
are especially prone to motion artifacts and might require denoising 
strategies that are tailored to the respective patient cohort (Wunderlich 
et al., 2025).
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Lastly, data processing pipelines are known to significantly influ-
ence data quality. FcMRI preprocessing operations are not commu-
tative, as their order is capable of reintroducing artifacts into the 
data (Lindquist et al., 2019), and the specifics of the dataset itself 
(which are, in turn, determined by scanner, participant and protocol) 
strongly determine its compatibility with individual sequences of pre-
processing operations (Luppi et al., 2024). Similarly, concatenation of 
data for purposes of data maximization as part of data preprocessing 
or various data wrangling operations may both improve reliability and 
affect it adversely, if done without sufficient caution (Cho et al., 2020).

1.2.3. Absence of normative reference distributions
One key barrier to clinical translation of fcMRI-based imaging mark-

ers is the lack of standardized, accessible reference distributions for 
human functional connectivity - despite large available datasets (Essen 
et al., 2013; Petersen et al., 2009; Holmes et al., 2015; OpenNeuro, 
2025). As in other diagnostic fields, individual connectivity measure-
ments must be benchmarked against a normative distribution to deter-
mine deviations from typical brain functional architecture. Inspired by 
successful normalization of imaging-derived markers in other modal-
ities (Chamberland et al., 2021; Nugent et al., 2020; López-González 
et al., 2020), establishing an fcMRI-based normative framework to both 
delineate ‘‘healthy’’ connectivity and quantify patient-specific diver-
gence is clearly warranted. From this unmet need, two key assertions 
emerge.

Firstly, there exists an apparent unmet medical need for validated 
and clinically implemented fcMRI-based connectivity abnormality met-
rics that satisfy the criteria of relationality and countability. Herein, a 
relational metric may be defined as a metric that relies on a control 
cohort sufficiently representative of the target individual, allowing to 
establish a normative model of connectivity that compares a given 
individual to a distribution of controls and quantifies the discrepancy, 
while a countable metric may be defined as an interval or rational 
metric that can be used as grounds for grading or comparison. Secondly, 
there is minimal study coverage pertaining to the introduction and val-
idation of such metrics, which limits current insight into individualized 
abnormality detection in functional connectivity.

An initial step towards addressing the question of normative mod-
eling in fcMRI consists in a scoping review of fcMRI-based metrics 
of connectivity abnormality, the results of which we present here. 
Within the scope of this paper, we review, analyze and formalize 
the connectivity abnormality metrics yielded by our search, explore 
the degree of their refinement, determine their readiness for clinical 
validation and estimate their computational complexities. Moreover, 
we discuss the metrics’ lesion data handling, region of interest level 
of detail (LOD) and the potential clinical use cases. We also propose 
methodical and computational strategies for improvement of current 
and emerging abnormality quantification metrics.

2. Methods

2.1. Overall protocol

We have conducted our review in adherence to the general frame-
work of scoping reviews proposed by Arksey and O’Malley (Arksey 
and O’Malley, 2005) and refined by Levac et al. (2010). We reported 
our results in compliance with the Preferred Reporting Items for Sys-
tematic reviews and Meta-Analyses (PRISMA) extension for scoping re-
views (PRISMA-ScR) (Tricco et al., 2018). The PRISMA-ScR compliance 
checklist can be accessed in the Supplementary Materials.
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2.2. Review objectives

Within the scope of this review, we intended to determine (1) 
whether there exists a way to quantify the deviation of functional 
connectivity in an individual patient from the general population, (2) 
whether it is validated to guarantee sufficient technology readiness and 
clinical utility and (3) whether it satisfies the criteria of relationality 
and countability outlined in the introduction. In pursuit of this ob-
jective, we have reviewed the state-of-the-art (SOTA) of personalized 
detection of connectivity abnormalities in brain fcMRI, analyzed the 
results, systematized them, and reported our findings.

2.3. Information sources, search strategy, data acquisition and handling

We have leveraged the Google Scholar database for our search. 
We set the query year range at the years 2014–2024 and employed 
Publish or Perish 8.10.4612.8838 (Harzing, 2007) to automate our 
query. We searched in 1-year batches to yield the most entries and 
circumvent the internal limit of 1000 entries per query. We input 
the following search request: ’’fMRI connectivity connectome abnor-
mality detection anomaly map deviation individual reference metric.’’ 
All data was aggregated using pandas 2.1.1 (McKinney, 2010) and 
NumPy 1.23.5 (Harris et al., 2020), exported as CSV, and uploaded 
for subsequent group review on a secure team space in Notion (Your 
connected workspace for wiki, docs & projects | Notion, 2025). Using 
Notion’s integrated tools and functions, we removed damaged or empty 
entries. The remaining entries have been subjected to screening and 
eligibility assessment (see below).

2.4. Study screening and selection

We employed a PRISMA compliant, 2-phase screening and eligibility 
selection strategy. During the screening phase, we excluded sources 
that (1) did not report research based on fcMRI and did not use BOLD 
signal, (2) reported experiments on participants under 18 years of age, 
(3) did not have a healthy reference cohort against which the patients 
would be gauged, (4) were reviews, (5) were preprints, (6) were book 
chapters, (7) did not report research on resting-state fcMRI, (8) were 
not accessible for full text, (9) reported research on data acquired 
with a field strength under 3.0 T, (10) were theses or dissertations, 
(11) were meta-analyses, (12) reported research conducted on non-
human data, (13) were citation records, (14) were abstract almanacs 
or miscellaneous publications, (15) were conference papers, (16) were 
study protocols or methodology papers or (17) were not in English.

Eligibility assessment phase consisted in elimination of articles that 
did not report metrics that satisfy the criteria of relationality and count-
ability outlined in the Introduction. Eligibility assessment relied on an 
in-depth inspection of the ’’Methods’’ section and a deeper examination 
of other paper sections in cases where it was necessary. Edge cases were 
resolved by reviewer consensus.

2.5. Study analysis

2.5.1. Analysis methods
The sources which passed screening and selection were fully stud-

ied. Subsequently, we extracted the metric computation methods re-
ported by the respective authors, described them, and formalized them. 
To explore the degree of their refinement, state of validation, and level 
of applicability in a clinical setting, we chose to follow the citations 
of the articles in question (for better narration consistency and text 
legibility, these searches will be reported within the Results section). 
Subsequently, we integrated these findings to yield our statements. We 
additionally assigned to every metric a Technology Readiness Level 
(TRL) as specified by ISO 16290:2013 (ISO 16290:2013, 2013) (ISO 
Standard) in the edition of EU Commission Decision C(2017)7124 (Re-
search and innovation, 2017), better elucidated by us for fcMRI-based 
3 
abnormality detection applications, on which we will elaborate below. 
Moreover, we conducted an estimation of computational complex-
ity of the reported methods and used these estimates to perform a 
complexity-based ranking of the distinct methods. For brevity, within 
this publication these aspects are reported concisely; detailed informa-
tion on the complexity estimates and factor magnitudes may be found 
within the Supplementary Materials.

2.5.2. TRL assignment logic
Originally proposed for space systems and published initially as a 

7-category scale in 1989 (Sadin et al., 1989), the Technology Readi-
ness Level (TRL) system can be understood as an efficient approach 
to informing research, development and management decisions for 
high-precision, high-complexity and/or high-risk systems across vari-
ous disciplines. By capturing technological maturity according to its 
ultimate applicability (in our context, clinical diagnostic and prognos-
tic utility), the TRL system thus emerged as an ideal framework for 
comparing distinct approaches that frequently operate within their own 
computational and neurobiological paradigms. Here we propose the 
definitions of the nine levels of technology readiness for fcMRI-based 
abnormality detection technologies. A tabular subsummation can be 
found in Table  1.

A hypothetical fcMRI abnormality detection technology of level 
1 readiness would be operating exclusively with the fundamentals 
of the BOLD signal, its components and operations regarding their 
measurement, as well as computation on its direct derivatives.

A level 2 readiness of a hypothetical fcMRI abnormality detection 
technology implies extensive understanding of the computational and 
neurobiological basics of fcMRI and may be associated with theoretical 
proposals of abnormality computations or speculative indications of 
usability of some parameters for detection of clinical abnormality. 
Although not easily assignable (as it implies largely theoretical concep-
tualization and tentative ideation as the technology’s defining element, 
which is rarely the case for biomedical questions and the publications 
that accompany them), this readiness level may be exemplified by 
biomarker search and feature selection studies with a focus on hypoth-
esizing on usability of particular computational measures for diagnostic 
purposes.

A level 3 of an abnormality detection technology readiness in fcMRI 
may be defined as the first level with a fully-formulated theoretical 
framework and proof-of-concept on data pertaining to a niche case or 
indication without clear understanding of technology’s capacity to be 
transferred or generalized.

A level 4 of an abnormality detection technology readiness in fcMRI 
implies generalizability of a technology previously demonstrated in 
a restricted indication; however, it indicates no such capacity explic-
itly, requiring further studies in same imaging modality and different 
clinical indication to explicitly confirm its usability beyond its initial 
domain.

A level 5 of an abnormality detection technology readiness in 
fcMRI implies well-demonstrated generalizability for multiple indica-
tions and replicably sufficient diagnostic and prognostic performance 
for potential use in clinical abnormality detection, validated through 
longitudinal studies. In contrast to the earlier four readiness levels, 
levels 5 and above imply a scientifically fully-fledged method; however, 
a level 5 technology does not require a solidified implementation.

Subsequently, a level 6 of an abnormality detection technology 
readiness in fcMRI may be defined as a first level with a solidified im-
plementation. A level 6 technology is constituted by a validated method 
and a reported device-like implementation ready for research-use-only 
(RUO) clinical contexts.

Level 7 of an abnormality detection technology readiness in fcMRI 
may be defined as the first level that may be structurally and function-
ally conceptualized as a medical diagnostic device. In contrast to earlier 
levels, a level 7 technology is fully integrable into the clinical workflow 
and eligible for medical device certification.

Readiness level 8 implies status post certification and in routine clin-
ical use, while the final level 9 indicates positive results of post-market 
surveillance.
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Table 1
Technology Readiness Levels (TRL) for fcMRI-based abnormality detection.
 TRL Description Elucidation for fcMRI domain  
 TRL 1 Basic Principles Observed Knowledge of and operations on 

fundamentals of the BOLD signal and 
its components

 

 TRL 2 Technology Concept 
Formulated

Conceptualizing abnormality detection 
methods; formulating hypotheses on 
algorithms of abnormality 
computations

 

 TRL 3 Proof-of-Concept 
Demonstrated

Fully-formulated theoretical framework 
and proof-of-concept on niche or 
curated data

 

 TRL 4 Potentially Generalizable 
Technology Demonstrated 
in Restricted Indication

Hypothesizing generalizability of a 
technology previously demonstrated in 
a restricted indication

 

 TRL 5 Generalizable Technology 
Credibly Validated in 
Multiple Indications

Demonstrated generalizability for 
multiple indications; replicably 
sufficient diagnostic and prognostic 
performance

 

 TRL 6 Prototype Demonstration 
in Relevant Environment

Validated method and a device-like 
implementation for research-use-only 
clinical contexts

 

 TRL 7 Prototype Demonstration 
in Operational 
Environment

Ready for deployment in clinical 
research settings; integrable with 
existing imaging systems; experimental 
clinical decision support; eligible for 
medical device certification

 

 TRL 8 System Qualified 
Through Test and 
Demonstration

System/metric passed certification and 
deployed in clinical contexts for 
decision support

 

 TRL 9 Actual System Proven in 
Operational Environment

Widespread clinical adoption; ongoing 
post-market surveillance and support; 
ready for guideline

 

2.5.3. Computational complexity estimation
The computational efficiency of all approaches was estimated as 

their time (i.e. execution time growth as function of input growth) and 
space (memory usage growth as function of input growth) complexities. 
Accurate performance computations and comparisons of algorithms 
require standardized hardware and data and are determined by im-
plementation language and extent and type of optimization techniques 
implemented, thus limiting the degree of certainty for formula-based 
estimates. This circumstance makes it more representative and feasible 
to hypothesize, estimating the upper bound of asymptotic behavior of 
algorithms in question by operating within the Big O notation (Cormen 
et al., 2022). This approach permits conceptualization of computational 
pipelines as a sum of individual steps and allows us to approximately 
gauge complexity of the entire pipeline by appraising the complexity 
of its most compute-intensive step, making use of the trivial property 
of the Big O notation: 


(

𝑓 (𝑛)
)

+ 
(

𝑔(𝑛)
)

= 
(

max{𝑓 (𝑛), 𝑔(𝑛)}
)

, (1)

where (𝑓 (𝑛)) or (𝑔(𝑛)) is the set of all functions 𝑓 (𝑛) or 𝑔(𝑛) that grow 
no faster than a constant multiple of some hypothetical functions ℎ(𝑛)
or 𝑚(𝑛) and max(𝑓 (𝑛), 𝑔(𝑛)) is the maximum of the sum of the functions 
from two sets.

We have based our rankings on the assumption that complexity-
defining factors relate to each other in magnitude as 

𝑉 ≫ 𝑁 ≥ 𝑇 ≥ 𝐷 ≥ 𝑅 ≥ 𝐶 (2)

where 𝑉  — number of voxels; 𝑁 — number of individuals; 𝑇  — 
number of timepoints; 𝐷 — number of connectivity features; 𝑅 — num-
ber of ROIs/modules/"nodes"; 𝐶 — number of relevant independent 
components.

It follows that an increment of growth of larger factors would 
contribute greater to the complexities influenced by these factors, and 
that products of larger factors or exponents thereof would result in a 
greater increase of complexities than products or exponents of smaller 
factors.
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2.5.4. Query keyword influence exploration
To gain insight into potential influence of keyword choice on the 

outcome of our search strategy, we conducted an exploratory re-query 
in April 2025. We initially input the same keywords and set the query 
year range to the years 2014–2024, using the Google Scholar result 
number estimate to obtain a baseline for the number of retrieved pub-
lications. We subsequently performed a series of leave-one-out (LOO) 
queries for each of our keywords, taking note of the result number 
estimates of the re-query results and the presence of originally located 
publications. We then stratified the queries along the result number 
estimates to obtain a representation of each keyword’s contribution to 
the number of retrieved publications.

3. Results

3.1. Query results

Our query cumulatively returned 5696 entries, 5672 of them valid 
(non-empty, not damaged or fragmentary) entries. After screening, 
4964 sources were excluded (Fig.  1), while 708 sources were deemed 
eligible for selection. Only 5 passed selection and were subjected to a 
full-depth analysis. A PRISMA flow diagram is available in Fig.  2.

3.2. Query keyword influence

We have used the number of retrieved publications to obtain a 
representation of each keyword’s contribution to the total number of 
retrieved publications (Table  2).

The removal of any but one keyword did not lead to loss of rel-
evant publications we previously reported, but increased the number 
or retrieved publications, with ’’connectome’’, ‘‘deviation’’, ‘‘metric’’ 
and ‘‘fMRI’’ being most responsible for query result inflation. Partic-
ularly, just the removal of ‘‘connectome’’ tripled the number of papers 
returned. Only the removal of ‘‘connectivity’’ deflated the query results.
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Fig. 1. Entries eliminated during Screening phase. In total, we have excluded 4964 entries, of them entries on 978 theses and dissertations, 915 non-fMRI studies, 771 studies 
on patients under 18 years of age, 452 preprints, 399 reviews, 377 studies without a healthy reference cohort, 308 articles without accessible full-text, 200 non-resting-state fMRI 
studies, 135 book chapters, 113 studies conducted on data acquired with a field strength under 3.0 T, 92 studies conducted on non-human data, 78 meta-analyses, 52 citation 
records, 34 abstract almanacs or other publications, 31 conference papers, 18 protocol papers and 11 publications in a language other than English.
3.3. State of the art and its aspects

3.3.1. The Nenning index
Nenning et al. (2020) introduce a voxel-level connectivity abnor-

mality metric in their 2020 glioblastoma paper. Briefly, it has been 
computed as follows: (1) voxel-wise connectivity matrices for both 
patients and controls (80 control subjects) are built using z-scored 
Pearson correlations; (2) element-wise average of control population 
connectivity matrices is computed to yield a group average ’’normal’’ 
connectivity matrix; (3) a vector of voxel-wise differences is computed 
between the patients and group average as row-wise cosine similarity; 
(4) for every voxel in controls’ connectivity matrices and the group 
average matrix, cosine similarities have been computed to yield voxel-
wise distribution; from that distribution, the median and mean absolute 
deviation (MAD) have been computed (the ’’voxel mean’’ and ’’voxel 
MAD’’ respectively); (5) for every patient and for every patient voxel’s 
cosine similarity, an abnormality score is computed as the difference 
of cosine similarity and voxel mean, subsequently divided by the voxel 
MAD.
5 
Analytically, this can be summarized as follows: 
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where 𝐶 (𝑝)
𝑣,∗ is the connectivity vector of voxel 𝑣 for patient 𝑝, 𝐶 (𝑐𝑖)

𝑣,∗  is the 
connectivity vector of voxel 𝑣 for control subject 𝑐𝑖, with 𝑖 = 1, 2,… , 𝑁
and 𝑁 = 80 being the number of control subjects, 𝐶𝑣,∗ is the average 
connectivity vector of voxel 𝑣 across all control subjects, ‖⋅‖ denotes the 
Euclidean norm of a vector, ⋅ represents the dot product between two 
vectors, median(⋅) computes the median of a set of values and MAD(⋅)
computes the median absolute deviation of a set of values.

It is important to mention that Nenning’s team focused on report-
ing abnormality in non-infiltrated regions but pointed out that the 
inclusion of tumor infiltrated regions did not significantly alter the 
overall connectivity signature. Additionally, they demonstrate that in 
glioblastoma, functional proximity to the tumor tends to be reflected 
stronger than structural proximity in coefficients derived from fcMRI 
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Fig. 2. PRISMA flow diagram of review process. In the screening phase we have eliminated 4964 entries of sources, retrieved 708 sources for review eligibility assessment and 
applied to them the criteria of relationality and countability outlined previously. Notably, only five sources could be deemed eligible for inclusion into the review.
signal, while visual, somatomotor, and limbic networks tend to exhibit 
anomaly coefficients more evenly informed by both spatial and func-
tional distance alike. Finally, Nenning’s team demonstrated precedence 
of network anomalies before tumor recurrence, highlighting a potential 
diagnostic capacity for abnormality index computation.

PubMed citation check revealed no further studies employing this 
index in their computations. As the findings of Nenning et al. imply 
potential generalizability of their index without further validation in 
other indications, their metric may be assigned a TRL of 4 out of 9.

3.3.2. The dysconnectivity index
Stoecklein et al. (2020) present another voxel-level connectivity 

abnormality metric in their publication on gliomas. It is computed as 
follows: (1) voxel-wise connectivity matrices are built for both patients 
and controls (1000 control subjects) using Pearson correlations; (2) for 
every control subject connectivity matrix, every voxel position in the 
matrix, and every element in the voxel, a distribution of connectivity 
coefficients is built; (3) the distribution’s mean and standard deviation 
are computed to yield respective elements of the mean and standard 
deviation vectors; (4) for every patient connectivity matrix, every voxel 
position in the matrix, and every element in the voxel, a z-score is 
computed for using the elements of the mean and standard deviation 
vectors computed before (i.e., for 𝑖th element in the patient’s voxel, 
respective 𝑖th element of the mean and standard deviation vector is 
used) to yield a vector of z-scores; (5) a sum of z-scores higher than 
a specific threshold is computed to yield the voxel-level ’’abnormality 
coefficient.’’
6 
Analytically, for the voxel at the position this can be summarized 
as follows: 

Abnormality Coefficient =
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where 𝑃 𝑖𝑗 is the connectivity coefficient at voxel position 𝑖, 𝑗 for the 
patient, 𝐶 𝑖𝑗

𝑐  is the connectivity coefficient at voxel position 𝑖, 𝑗 for 
control subject 𝑐, 𝑁 is the number of control subjects, 𝑇  is the specific 
threshold, and I(⋅) is the indicator function, which evaluates to 1 if the 
condition is true and 0 otherwise.

The authors have conducted computations for the entire brain 
(without tumor mask exclusion) and demonstrated not only that tumor 
sites can be captured by their index, but that abnormality can be 
detected far beyond the lesion itself, even in the contralateral hemi-
sphere, particularly in high grade gliomas. They have also shown that, 
in glioma, their abnormality index correlates with neurocognitive per-
formance, WHO grade, PET metabolic data, and IDH mutation status. 
Additionally, the authors hypothesized that abnormal connectivity may 
not only originate from tumor functional or structural proximity but 
also indicate sub-clinical tumor cell infiltration and speculated that 
functional disruption also indicates possible tumor cell infiltration.

PubMed citation check revealed two studies based on this index 
conducted by either of the two principal researchers. In the first pub-
lication (Stoecklein et al., 2023b), the authors demonstrated that their 
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Table 2
A comparison of query number estimates after a leave-one-out (LOO) query session.
 Query
search
terms

Element
left
out

Publications
retrieved

Result
inflation
through LOO

 fMRI connectivity abnormality detection anomaly map 
deviation individual reference metric

connectome 16400 10320  

 fMRI connectivity connectome abnormality detection 
anomaly map individual reference metric

deviation 11200 5120  

 fMRI connectivity connectome abnormality detection 
anomaly map deviation individual reference

metric 8100 2020  

 connectivity connectome abnormality detection anomaly 
map deviation individual reference metric

fMRI 7720 1640  

 fMRI connectivity connectome abnormality detection map 
deviation individual reference metric

anomaly 7690 1610  

 fMRI connectivity connectome detection anomaly map 
deviation individual reference metric

abnormality 6720 640  

 fMRI connectivity connectome abnormality detection 
anomaly deviation individual reference metric

map 6570 490  

 fMRI connectivity connectome abnormality anomaly map 
deviation individual reference metric

detection 6540 460  

 fMRI connectivity connectome abnormality detection 
anomaly map deviation individual metric

reference 6150 70  

 fMRI connectivity connectome abnormality detection 
anomaly map deviation reference metric

individual 6120 40  

 fMRI connectivity connectome abnormality detection 
anomaly map deviation individual reference metric

ø 6080 0  

 fMRI connectome abnormality detection anomaly map 
deviation individual reference metric

connectivity 5630 −450  
abnormality index (in more recent sources referred to as DCI — the 
’’dysconnectivity index’’) can be employed to assess immune effector 
cell-associated neurotoxicity syndrome (ICANS) in patients under CAR-
T therapy and hypothesized that it may be used to objectify damage 
to functional networks in encephalopathies; furthermore, the authors 
stated that their index may provide an imaging correlate to trace 
and possibly predict neurotoxic side-effects of oncologic treatment. In 
the second publication (Stoecklein et al., 2023a), the authors show a 
direct association between the DCI and the perifocal edema volume in 
meningiomas, as well as neurocognitive performance (i.e., higher DCI 
implies larger edema and more degraded cognition).

The presence of a fully-fledged and scientifically validated method, 
as well as evidence of index generalizability without further reports of 
device-like implementation of the Dysconnectivity index allows us to 
assign to this index a TRL of 5 out of 9.

3.3.3. The Doucet normative person-based similarity index
In their publication, Doucet et al. (2020) report the normative 

person-based similarity index (nPBSI). Computed from both functional 
connectivity and cortical morphometry per aspect, their index explicitly 
seeks to make a patient’s condition relative to a set control population 
(93 control subjects). Doucet’s group presents four indices for which 
clinical, genetic, demographic, and environmental correlates have been 
described — normative cortical thickness PBSI (nPBSI-CT), normative 
subcortical volume PBSI (nPBSI-SV), normative module cohesion PBSI 
(nPBSI-MC) and normative module integrations (nPBSI-MI).

Within the scope of this review, our attention was focused on the 
BOLD-based module cohesion and module integration metrics, com-
puted as follows: (1) the patient’s brain is parcellated into default 
mode, central executive, salience, sensorimotor, and visual networks; 
(2) within-module connectivity is represented as the average value 
of a voxel wise z-transformed Pearson correlation coefficient between 
all of the module’s voxel pairs and used to build a patient’s module 
cohesion profile, encoded as a module cohesion feature vector; (3) 
between-module connectivity is represented as z-transformed Pearson 
correlation coefficients of the modules’ averaged time series and used 
7 
to build a patient’s module integrations profile, encoded as a module 
integrations feature vector, and finally, (4) the nPBSI-MC or nPBSI-MI 
are computed as averaged Spearman correlations between the patient 
and the healthy controls’ respective (module cohesion or module in-
tegrations) feature vectors. Analytically, for the patient p this can be 
summarized as follows: 

nPBSI-MC = 1
|𝐻|

∑

ℎ∈𝐻
𝜌
⎛

⎜

⎜

⎝

⎡

⎢

⎢

⎣

1
𝐾𝑖

∑

(𝑣𝑝 ,𝑣𝑞 )∈𝑀𝑖

𝑧
(

𝑟(𝑝)𝑣𝑝𝑣𝑞

)
⎤

⎥

⎥

⎦

𝑁

𝑖=1

,
⎡

⎢

⎢

⎣

1
𝐾𝑖

∑

(𝑣𝑝 ,𝑣𝑞 )∈𝑀𝑖

𝑧
(

𝑟(ℎ)𝑣𝑝𝑣𝑞

)
⎤

⎥

⎥

⎦

𝑁

𝑖=1

⎞

⎟

⎟

⎠

(5)

nPBSI-MI = 1
|𝐻|
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where 𝑁 represents the number of brain modules (default mode, cen-
tral executive, salience, sensorimotor, and visual networks), 𝑀𝑖 is the 
set of voxels in module 𝑖, 𝐾𝑖 is the number of voxel pairs in module 
𝑖, 𝑟(𝑝)𝑣𝑝𝑣𝑞  is the Pearson correlation coefficient between voxels 𝑣𝑝 and 𝑣𝑞
for the patient 𝑝, 𝑟(ℎ)𝑣𝑝𝑣𝑞  is the Pearson correlation coefficient between 
voxels 𝑣𝑝 and 𝑣𝑞 for a healthy control ℎ, 𝑟(𝑝)𝑀𝑖𝑀𝑗

 is the Pearson correlation 
coefficient between the average time series of modules 𝑖 and 𝑗 for the 
patient 𝑝, 𝑟(ℎ)𝑀𝑖𝑀𝑗

 is the same for a healthy control ℎ, 𝑧(𝑟) = 1
2 ln

(

1+𝑟
1−𝑟

)

is the Fisher z-transformation, 𝜌 denotes the Spearman correlation 
coefficient, 𝐻 is the set of healthy controls and |𝐻| is the number of 
healthy controls.

PubMed citation check revealed no studies employing the normative 
index from this publication in their computations of functional connec-
tivity metrics. The closest possible match (West et al., 2021) relied on 
computing both the within and between-network connectivity but did 
not compute the nPBSI itself. Modest validation for bipolar disorder and 
lack of nPBSI validation for other disorders constitutes proposal of a 
theoretical framework with validation in a single indication without im-
plications of generalizability. This circumstance justifies the assignment 
to this metric of a TRL 3 out of 9.
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3.3.4. The network topography spatial similarity index
Silvestri and Corbetta present a spatial similarity index (SSI) for net-

work topographies derived from independent component analysis (ICA) 
in their 2022 publication on gliomas (Silvestri et al., 2022). Briefly, it is 
computed as follows: (1) rs-fcMRI data of the control population (308 
individuals) are subjected to a group ICA (G-ICA) to yield group-level 
template independent component (IC) maps for ten functional networks 
(specifically, visual, sensorimotor, auditory, cingulo-opercular, dorsal 
attention, fronto-parietal, default mode, cognitive control, frontal and 
language networks); (2) the group-level template IC maps are used as 
spatial constraints for group information-guided ICA (GIG-ICA) of both 
controls and patients (24 individuals) to produce individual-specific, 
single-subject level IC maps; (3) for each IC in subject, a cosine simi-
larity is computed between a single-subject IC map and a template IC 
map thresholded at a value of 1 and yielded as the network topography 
spatial similarity index.

Analytically, this can be expressed as follows: 
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where 𝑆𝑆𝐼𝐼𝐶 is the spatial similarity index for a given independent 
component, 𝐷 = {𝐷𝑖}308𝑖=1 represents the rs-fMRI data of the control 
population, 𝑇 = G-ICA(𝐷) = {𝑇𝑗}10𝑗=1 are the group-level template IC 
maps for the ten functional networks obtained from group ICA, 𝐷𝑠 is 
the rs-fMRI data of subject 𝑠, GIG-ICA(𝐷𝑠; {𝑇𝑘}10𝑘=1)𝑗 produces the single-
subject IC map 𝑆𝑠,𝑗 for subject 𝑠 and component 𝑗 using the group-level 
templates as spatial constraints, Threshold1(𝑇𝑗 ) denotes the template IC 
map 𝑇𝑗 thresholded at a value of 1, the numerator (⋅) represents the dot 
product between the two vectors and the denominator (‖ ⋅‖) represents 
the Euclidean norm (magnitude) of the vectors.

The team around Silvestri and Corbetta reported testing structural 
and functional proximity of their index to the tumor sites, describing 
partial overlap of index abnormalities and glioma-infiltrated areas and 
highlighting index abnormalities in non-infiltrated areas. They also 
analyzed changes in network topography scores and neuropsycholog-
ical performance and were able to capture a statistically relevant 
relationship between the SSI and the attention domain.

PubMed citation check revealed no studies employing this norma-
tive index in their computations of functional connectivity metrics. 
Modest validation for gliomas and lack of validation for other disor-
ders constitutes proposal of a theoretical framework with validation 
in a single indication without implications of generalizability. This 
circumstance justifies the assignment to this metric of a TRL 3 out of 
9.

3.3.5. The Morgan network topology method
Morgan et al. present various metrics and indices in their publi-

cation on the role of anterior hippocampus in mesial temporal lobe 
epilepsy (mTLE) (Morgan et al., 2021). Their computations rely on 
multi-modal data and operate within four topologies: the streamline 
length (𝑇𝐿𝐸𝑁 ), structural connectivity (𝑇𝑆𝐶 ), functional connectivity 
(𝑇𝐹𝐶 ) and resting-state network topology (𝑇𝑅𝑆𝑁 ). Within the scope of 
our review, we will only focus ourselves on the functional connectivity 
topology and its respective distance index, as no similar index has been 
reported for the resting-state network topology.

Briefly, it is computed as follows: (1) functional connectivity maps 
are built for controls (70 individuals) and patients (40 individuals, of 
them 29 with right mTLE and 11 with left mTLE) from z-transformed 
functional connectivity matrices through age regression and subsequent 
averaging of signal over 109 anatomical ROIs; (2) a topology is built 
from the functional connectivity maps by selecting 55 ROIs of a sin-
gle hemisphere for patients and controls; (3) a seed vector is used 
to slice anterior hippocampal connectivity from the topology into a 
connectivity vector for both patients and controls; (4) the connectivity 
vector is stratified along connectivity intensity into ‘‘bins’’ to yield their 
8 
respective connectivity vectors of k elements for both patients and 
controls; (5) for patient and bin, the Mahalanobis distance between 
the patient’s bin connectivity vector and the mean of controls’ bin 
connectivity vectors is computed and yielded as connectivity deviation 
metric.

Analytically, this can be summarized as follows: 
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with patient’s connectivity vector in bin, controls’ mean vector in bin 
and controls’ covariance matrix in bin as, respectively, 
𝜙𝑖,𝑏 = 𝐵𝑏
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where 𝑀𝑖 is a functional connectivity matrix (size 109 × 109) for 
individual 𝑖, 𝑆(𝑀𝑖) denotes a selection operator extracting a 55 × 55 
hemisphere-specific submatrix from 𝑀𝑖, 𝑅 is a seed vector (size 1 × 55) 
with 1 at the anterior hippocampus position and 0 elsewhere, 𝐵𝑏(⋅)
symbolizes the binning function that selects elements belonging to bin 
𝑏 based on connectivity intensity, 𝑁𝑐 = 70 is the number of control 
individuals, 𝜇𝑏 is the mean vector of controls’ connectivity vectors in 
bin 𝑏 and 𝛴𝑏 is the covariance matrix of controls’ connectivity vectors 
in bin 𝑏.

PubMed citation check revealed two studies which reported intrigu-
ing use of the logic behind this computational approach. The first 
publication of interest by Morgan et al. (2022) reports use of similar 
connectivity profiling techniques and the Mahalanobis distance for 
outcome prediction in mTLE patents by means of distance computation 
between a patient’s connectivity profile and a normative population of 
individuals who achieved seizure-free status after mesial temporal lobe 
surgery. Notably, the team around Morgan reported sensitivity of 100% 
and specificity of 90% for their prediction approach.

The second publication by Guerrero-Gonzalez et al. (2022) does 
not pertain to functional MRI, but uses the comparable logic of nor-
mative modeling and Mahalanobis distance to quantify abnormality in 
tractography of traumatic brain injury patients.

The epilepsy-specific focus of Morgan’s distance-based approach 
limits the scope of potential use of this metric; however, success of 
similar computational approaches in other modalities and remarkable 
performance of the Mahalanobis distance-based index in the surgical 
outcome prediction task allows us to constate the Morgan’s method 
as a theoretical framework with validation that implies generalizabil-
ity potential without supplying stronger evidence. This supports the 
assignment to this metric of a TRL 4 out of 9.

3.4. Computational complexity estimation

We have found that voxel-wise metrics and their naïve compu-
tational methods, such as the DCI, are associated with the highest 
computational cost, while methods strongly relying on a-priori hy-
potheses for dimensionality reduction, such as the NTM, are the least 
costly. This phenomenon was particularly prominent for the time com-
plexity, which tended to grow with decreasing levels of functional 
and anatomical abstraction. Simultaneously, in all but naïve methods 
the bulk of space complexity was constituted by the static element 
(i.e. initially present data).

At minimal abstraction levels (i.e. at voxel-wise LOD), both time and 
space complexities increased exponentially to the voxel resolution of 
input data. With the voxel count of a typical fcMRI image tensor greatly 
outscaling any other factors (also see 2.5.3), it follows intuitively that 
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Fig. 3. Ranking of reported methods by their estimated time and space complexities. Lower position indicates higher time/space complexity and increased projected computational 
cost growth as a function of input. Denominations: 𝑁 — number of individuals; D — number of connectivity features; R — number of ROIs; 𝑇  — number of timepoints; V 
— number of voxels; C — number of relevant independent components; n-PBSI — normative Person-Based Similarity Index (Doucet et al., 2020); NTM — network topology 
method (Morgan et al., 2021); SSI — spatial similarity index (Silvestri et al., 2022) (Silvestri et al. 2022); DCI — dysconnectivity index (Stoecklein et al., 2020).
any voxel-based or voxel-derived (i.e. sufficiently granular ROI-based) 
computing methods are inherently and immediately associated with 
steeper system requirements.

A ranking of the metric computation methods can be found in (Fig. 
3).

4. Discussion

4.1. Group comparison currently prevails in studies of abnormal connectiv-
ity

In this review, we have been able to show that, despite the 
strong knowledge base to support the concept of neurodegenera-
tive (Franzmeier et al., 2020; Rauchmann et al., 2022), psychi-
atric (Georgiadis et al., 2024) and neuro-oncological diseases (Winkler 
et al., 2023; Hausmann et al., 2022; Salvalaggio et al., 2024) as 
‘‘network disorders’’, a metric capable of evaluating and quantifying 
large-scale functional brain network disruptions in individual patients 
is yet to be developed, validated and made accessible enough for 
potential incorporation into clinical practice.

We also demonstrated that, despite the significant benefits of rela-
tional metrics as integral elements of normative modeling (Marquand 
et al., 2019), only five such metrics of functional connectivity deviation 
have been proposed within the last ten years. Of note, in many studies 
that we evaluated for this review, the findings and the hypotheses that 
lead to these findings were built around the aspiration to illustrate a 
binary difference between patients and healthy controls, which resulted 
in reports of metrics being increased or decreased in patients, often 
without a clearly specified relation between the increment of metric 
and increment of pathological state.

The development of patient-centric fcMRI markers requires mov-
ing beyond group comparison and toward relational metrics based 
on normative populations that span variability in demographic and 
procedural factors.

4.2. Specifics, limitations and use cases of current abnormality quantifica-
tion metrics

4.2.1. Lesion data handling
The five reported indices are variably informed by signals from 

lesional tissue. To this end, a distinction between lesion-informed, 
lesion-uninformed and lesion-agnostic indices may be proposed. Be-
low, we will define the three types by illustrating their features as 
exemplified by the reported metrics.
9 
An example of a lesion-uninformed index is constituted by the 
Nenning index (Nenning et al., 2020). Not informed by the data from 
the macroscopically-visible glioma-infiltrated regions, this index was 
sought by the authors to quantify abnormal functional connectivity in 
regions distant from the main tumor mass. As also mentioned by the 
authors themselves, the principal merit of such approach consists in 
greater sensitivity to actual discordant connectivity, as the index would 
remain unperturbed by the tumor-associated loss of axonal connections 
and the respective signal changes.

As opposed to the lesion-uninformed type, the concept of a lesion-
informed index is exemplified by the dysconnectivity index (Stoecklein 
et al., 2020), the network topography spatial similarity index (Silvestri 
et al., 2022) and the Morgan network topology method (Morgan et al., 
2021). As the name suggests, the lesion signal (tumor tissue signal, 
as in the former two cases, or hippocampal sclerosis signal, as in the 
latter case) was included into computations and directly influenced 
the indices presented. The two most obvious and principal merits of 
a lesion-informed index would consist in the reduced modularity of its 
computational pipeline and greater practicability for its clinical context 
due to its inherent capacity to quantify connectivity abnormalities both 
within and outside the lesion.

Finally, the lesion-agnostic class of index is embodied by the nor-
mative person-based similarity index (Doucet et al., 2020) (Doucet 
et al. 2020), developed specifically to capture abnormal connectivity 
in bipolar disorder and excluding lesional data. Its ability to capture 
and quantify connectivity abnormality in conditions associated with 
structural lesions remains unclear, thus justifying its categorization into 
a class of its own.

4.2.2. ROI level of detail
The five indices at hand operate within various levels of detail 

defined both by their clinical indications and their computational ap-
proaches. For instance, the voxel-wise indices accept and yield data 
on finer-grained voxels that continuously span the entire gray matter, 
while the non-voxel-wise indices make use of preconceptions to achieve 
various degrees of abstraction.

The dysconnectivity index (Stoecklein et al., 2020), and the Nenning 
index (Nenning et al., 2020) operate at the voxel level. Both indices em-
ploy voxel-wise computations to yield voxel-wise metrics of abnormal 
connectivity and, consequently, allow for higher granularity of results, 
potentially lending themselves well to diagnosis as well as planning 
and control of therapy. Moreover, these indices can inform calculation 
of larger-scale measures with a capacity to inform more specialized 
experimental approaches.
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Other indices exhibit various levels of inherent granularity, using 
their a-priori hypotheses and assumptions for dimensionality reduction 
so as to quantify abnormal connectivity against a normative population 
at a lower computational cost. For instance, the Morgan network 
topology method (Morgan et al., 2021) operates on a scale of ROIs (also 
dubbed ‘‘nodes’’ in a later publication (Morgan et al., 2022)), which are 
determined by the Multi-Atlas algorithm (Asman and Landman, 2012; 
Huo et al., 2016) and FreeSurfer (Fischl, 2012), and is slightly less 
granular than the voxel-wise indices. Similarly, the network topography 
spatial similarity index (Silvestri et al., 2022), operating on indepen-
dent component analysis, makes use of Yeo-7 (Yeo et al., 2011) and 
Gordon (Gordon et al., 2014) atlases to determine component affiliation 
with a particular functional network. Lastly, the normative person-
based similarity index (Doucet et al., 2020) in its module integrations 
and module cohesion variation employs as sources for time-course 
averaging the ‘‘modules’’ taken from regions as per (Zalesky et al., 
2010; Crossley et al., 2013) to yield its whole-brain measure.

4.2.3. Synthesis: Potential clinical use cases for indices and combinations 
thereof

Drawing upon our previous definitions, findings and observations, 
we can delineate distinct use cases for the index classes presented above 
and propose an approach to combining them in routine diagnostic 
practice.

Herein, the lesion-informed, voxel-wise-LOD naïve (‘‘general’’) in-
dices may be of highest utility in clinical diagnostic contexts, when 
the necessity of exploring the connectomic underpinnings of a clinical 
syndrome clearly justifies the significant computational cost. More-
over, they may be more generalizable due to the minimal amount of 
abstraction within their core logic (i.e. minimal dependence on an 
a-priori clinical hypothesis), thus potentially lending themselves best 
to validation across many disorders. Finally, as they can be readily 
abstracted into coarser derivatives, they may be able to inform clinical 
decision-making more objectively.

In contrast, other (‘‘specialist’’) index classes may be used most 
optimally for special indications or for longitudinal quantification of 
previously-diagnosed conditions, as their higher initial abstraction im-
plies the necessity of distinct a-priori clinical hypotheses, which may 
limit generalizability and validation across multiple disorders, but pos-
itively influences computational complexity and practical repeatability.

Computing both index classes implies indication for data acqui-
sition in the form of a clinical syndrome with a set of associated 
a-priori hypotheses and differential diagnoses. Hence, a tandem of a 
‘‘general’’ metric and one or more ‘‘specialist’’ metrics could be both 
diagnostically beneficial and logistically feasible, constituting a case 
of maximized hardware utilization. This can be substantiated by the 
fact that the ‘‘general’’ time/space complexity outscales the ‘‘special-
ist’’ time/space complexities exponentially (see Results), thus defining 
the system requirements. Consequently, ‘‘specialist’’ indices could be 
attached to sufficiently optimized ‘‘general’’ pipelines at a fraction 
of ‘‘general’’ time complexity without significant inflation of space 
complexity and with an increase in clinical utility through production 
of multi-metric index-signatures.

In summary, the clinical utility for the patient may be feasibly max-
imized through building of optimized multi-metric diagnostic pipelines 
with one invariant ‘‘general’’ (naïve) voxel-wise metric and variant 
‘‘specialist’’ (custom-LOD) metrics determined by the patient’s condi-
tion to produce multi-metric index-signatures.

4.3. Strategies for improvement of current and emerging abnormality quan-
tification metrics

4.3.1. Methodical strategies for improvement of current and emerging ab-
normality quantification methods

The current circumstances create a uniquely favorable setting for 
more practical progress on relational fcMRI-based metrics of abnormal 
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connectivity, making possible the implementation of a set of strategies 
aimed to develop the SOTA in fcMRI-based abnormal connectivity 
quantification, which we will propose below.

Firstly, a considerable acceleration of progress in fcMRI-based met-
ric research can be achieved through creation of large-scale reference 
datasets augmented by technical and demographic parameters. Cur-
rently, high-quality data can be accessed freely by virtue of recognized 
cohorts (Essen et al., 2013; Petersen et al., 2009; Holmes et al., 2015) 
and open-access data repositories (OpenNeuro, 2025), which permits 
compilation of harmonized, statistically powerful reference datasets, 
capturing variability across demographics and technical parameters. As 
the utility of accounting for these factors is well-substantiated by evi-
dence of variables such as age (Farras-Permanyer et al., 2019; Geerligs 
et al., 2014; Andrews-Hanna et al., 2007), sex (David et al., 2018) 
and scan parameters (Chen et al., 2022; Mueller et al., 2015) having 
significant influence on fcMRI metrics, having better access to data on 
these factors would permit greater insight into biological and techni-
cal variability and help inform more refined and nuanced normative 
models with potentially greater utility for clinical application.

Moreover, the utility of each present and new metric can be better 
established through high-quality validation (i.e. study designs accom-
modating for confident statements on metric utility) in their respective 
conditions. Herein, longitudinal analyses with a focus on determin-
ing relation between the increment of metric and the increment of 
pathological state are most desirable. In neuro-oncological and neu-
rodegenerative conditions a study of the abnormality metric dynamic 
with a focus on areas exhibiting morphological abnormality or those 
within structural or functional proximity of such areas (as in e.g. Nen-
ning et al. (2020)) with simultaneous examination of associations 
with PET, neurocognitive testing, clinical endpoints such as overall 
survival (as in Sprugnoli et al. (2022)) and genetic profiling of tis-
sue (as in e.g. Stoecklein et al. (2020)) would constitute an optimal 
strategy. Indices in psychiatric conditions may be best validated by 
focusing on relation between metric increments and symptom sever-
ity score increments, treatment monitoring or prediction of treatment 
response. In chemical-, toxin- or infection-related conditions the rela-
tion between metric and pathological state increments would call for 
a mode of analysis similar to such in neuro-oncological conditions, 
with the key parameters measured against metric increments being 
determined by the condition in question, e.g. ICE (Immune Effector Cell 
Encephalopathy), and EEG abnormalities (as in e.g. Stoecklein et al. 
(2023b)).

Finally, better reproducibility and comparability of current and 
emerging methods may be achieved through adoption of benchmark 
datasets for performance measurements and greater disclosure of the 
algorithms and their code implementation to peer review. This would 
permit improved collaboration and assist in creation of a consoli-
dated methodological paradigm, fostering consensus on potential clin-
ical indications and the fcMRI-derived metrics best suited to address 
them.

4.3.2. Computational strategies for improvement of current and emerging 
abnormality quantification methods

The advent of big data and artificial intelligence-based methods in 
fcMRI research may boost the development of relational connectivity 
metrics by enhancing the current computational approaches.

The drastic progress in computing technology (Coyle and Hamp-
ton, 2023) has made possible the widespread use of industrial-grade 
hardware acceleration of previously strictly linear computing through 
parallel computing with the help of much more readily accessible 
graphical processing units (GPUs) (NVIDIA RTX Series Datasheets, 
2025; AMD Technical Information Portal, 2024). Improved hardware-
software synergy now permits optimization of both speed and efficiency 
of data engineering and machine learning, allowing for faster simulta-
neous read/write operations and deeper insight into highly complex 
multidimensional data. This is well-manifested by the packages for 
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accelerated Python computing (e.g. CuPy and Dask (Okuta et al., 2017; 
Dask Development Team, 2016)), optimized tensor storage solutions 
(e.g. Zarr or Xarray (Miles et al., 2024; Hoyer and Hamman, 2017)), 
new Neuroimaging Informatics Technology Initiative (NifTI) image 
manipulation modules (e.g. Xibabel (Brett et al., 2024)) or the advance-
ments in the field of machine learning (ML) frameworks (Jax-Ml, 2025; 
Paszke et al., 2019; Abadi et al., 2015) and hyper-parallel computing 
(e.g. the Bend programming language, based on HVM2 (HVM2.pdf, 
2025; Higher order company, 2025)).

Moreover, the current rise of deep learning models for operations 
on fcMRI data can help streamline previously time-consuming ele-
ments of data preprocessing and enrichment, potentially accelerating 
research on relational fcMRI-based metrics manyfold. This is promi-
nently exemplified by ML breakthroughs in the area of structural image 
preprocessing with algorithms such as FastSurfer (Henschel et al., 
2020), a deep learning pipeline for brain segmentation, cortical surface 
reconstruction, cortical label mapping and thickness analyses. Similar 
advancements have also been reported for affine registration with tools 
such as SynthMorph (Hoffmann et al., 2024), a model that resolves a 
tensor-to-tensor mapping problem for an image pair, yielding a com-
patible spatial transform. Lastly, experimental ML-boosted integrated 
pipelines for fcMRI image preprocessing (e.g. DeepPrep (Ren et al., 
2025)) have also been reported.

Lastly, methods of patient- and condition-specific denoising strate-
gies with a potential to improve the overall signal quality of fcMRI 
data are currently emerging and may be incorporated into future 
preprocessing pipelines (Wunderlich et al., 2025).

Employing the aforementioned measures to optimize computational 
complexity and maximize algorithm performance in current and emerg-
ing fcMRI-based metric computing pipelines may help increase feasibil-
ity of their use in clinical contexts.

4.4. Study limitations

4.4.1. Query time range
Our search only comprises sources released before mid-May 2024.

4.4.2. Neurobiology-related constraints
Due to considerably less generalizable dynamics of neurobiologi-

cal development in pediatric and adolescent individuals, a decision 
was made not to consider publications that concerned persons under 
18 years of age.

4.4.3. Search terms, peer review constraints, and keyword influence
Our search terms might not include all relevant publications. In 

particular, preprints, theses and dissertations have been excluded as 
reports that have not undergone a peer review process.

Another factor constituting a source of limitations can be our choice 
of keywords. As shown in Results, the removal of all but one individual 
keyword did not lead to loss of originally located publications, but led 
to decreased query specificity, inflating the number of retrieved papers 
by up to three times per removed keyword. This illustrates that the 
least restrictive query does not necessarily yield optimal results, as also 
discussed in Scells et al. (2022). Simultaneously, upon removal of ‘‘con-
nectivity’’, the retrieval number decreased, indicating a less sensitive 
retrieval and implicating potential loss of relevant publications. Taken 
together, this simulation may substantiate our choice of keywords.

4.4.4. Exclusion of publications based on task fcMRI data
Even though task-based fcMRI may capture more behaviorally rel-

evant information (Zhao et al., 2023) and was reported to exhibit 
superior information gain in comparison to rs-fcMRI, particularly for 
the Theory-of-Mind task (Tuominen et al., 2023), we decided to focus 
on metrics based on resting-state fcMRI (rs-fcMRI) for this review, as 
we deem these indices more suitable for routine clinical diagnostics 
than those based on task fcMRI (t-fcMRI) for several reasons. Firstly, 
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t-fcMRI’s overall test-retest reliability remains variable, depending on 
the respective task paradigm (Bennett and Miller, 2013; Rai et al., 
2024; Savage et al., 2024). Secondly, task-related networks can also 
be assessed using rs-fcMRI as task-related states may be conceptual-
ized as derivatives of intrinsic network activity, as substantiated by 
evidence of intrinsic networks being highly similar to resting-state 
networks in architecture and consistent across task paradigms in their 
activity (Cole et al., 2014). Moreover, task-based fcMRI acquisition 
requires from the patient sufficient language proficiency, cognitive 
ability, and compliance, which drastically limits potential clinical appli-
cability of t-fcMRI and its derivative metrics. Finally, t-fcMRI possesses 
a set of special logistical requirements, most notably MRI-compatible 
audiovisual equipment and accompanying technical expertise in use 
and maintenance, both of which are predominantly available only 
in specialized centers. These circumstances thus substantiate choice 
of rs-fcMRI-derived over t-fcMRI-derived metrics as feasible for wide 
application in routine diagnostics.

5. Summary

Patients suffering from neuro-oncological, psychiatric and neurode-
generative disorders can benefit from individualized detection and 
quantification of abnormal functional connectivity. However, no fcMRI-
derived imaging markers have yet seen widespread adoption in clinical 
research or practice. Within the scope of this review, we have as-
serted both the necessity and the current absence of a well-established 
relational and countable metric for abnormal functional connectivity 
in individuals. We have subsequently leveraged the Google Scholar 
database to retrieve sources that matched our search criteria and sub-
jected them to PRISMA-compliant screening and selection to yield items 
for subsequent in-depth analysis. We then demonstrated five currently 
reported methods/metrics for relational, normative quantification of 
abnormal connectivity, formalized their computation methods, assessed 
their Technology Readiness Level and estimated their computational 
efficiency. Building upon our findings, we have discussed the metrics’ 
lesion data handling, region of interest level of detail and the po-
tential clinical use cases. We reaffirmed the need of moving beyond 
group comparison and toward quantitative fcMRI anomaly metrics 
for application in individual patients and proposed methodical and 
computational strategies for improvement of current and emerging 
abnormality quantification metrics.
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