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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 1 

Summary 

The human brain is organized into interacting functional systems. Their underlying neuro-

biological mechanisms remain difficult to study in vivo1,2. Here, we adopt a topological framework 

to quantify the association between neurobiology and brain functional connectivity derived from 

both resting-state functional magnetic resonance imaging (rsfMRI) and magnetic encephalography 

(MEG). Across six healthy adult cohorts (n = 19–112), regional variation in rsfMRI connectivity 

robustly aligns with the distribution of neurotransmitter receptors and transporters. We find that 

low-frequency functional synchronization measured by rsfMRI is predominantly modulated by de-

creased regional availability of multiple receptors and transporters. These patterns are present in 

every single subject, replicate across all cohorts, and are mirrored in MEG, where high-frequency 

synchronization increases with availability of the same receptors and transporters. Most promi-

nently, we observe noradrenergic modulation of functional connectivity in a sensorimotor-poste-

rior-insular network that is consistently detected across individuals and is linked to autonomic 

arousal. In pharmacological and clinical samples, the associations are sensitive to manipulation of 

the respective neurotransmitter systems and are altered in patients with early psychosis, aligning 

with clinical symptomatology. These findings provide biological insight into typical and atypical 

functional organization of the human brain using a framework linking underlying neurobiology to 

the functional connectome (NEOFC). 

 

Keywords: fMRI, MEG, functional connectivity, resting-state, brain network, connectome, PET, 

neurotransmitter, noradrenaline   
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 2 

Main 

Resting-state functional connectivity (rsFC)3 has become the primary framework for char-

acterizing brain functional organization. Resting-state FC networks and, more recently, cortical 

gradients have been identified across various neuroimaging modalities and are now considered a 

core feature of functional brain architecture4–7. A central assumption in rsFC research is that the 

observed temporal synchrony between regions is driven by common neural activity2. However, 

despite three decades of study, the biological basis of rsFC – characterized through network, gra-

dient, and related perspectives – remains only partly understood.  

In humans, evidence linking macro-scale rsFC networks to specific cellular and molecular 

mechanisms is still largely indirect and often extrapolated from non-human animal studies1,8. Pro-

gress has been hindered by the limited neurobiological specificity of in vivo connectivity measures. 

Electro- and magnetoencephalography (E/MEG) capture aggregated neural activity, but their cel-

lular and neurotransmitter origins remain difficult to disentangle9. In contrast to these more direct 

measures of neural activity, blood-oxygenation-level-dependent (BOLD) functional MRI reflects 

cumulative local metabolic demand shaped by neurovascular coupling and other non-neuronal 

physiological processes1,2. The limited information on underlying neurobiology provided by both 

neuroimaging modalities restricts the use of rsFC to investigate the pathophysiological mechanisms 

underlying functional variation across groups, and even more so across individuals. To address this 

constraint, we introduce a framework that captures the associations between individual rsFC and 

expected underlying biology. The revealed associations are robust, generalizable, related to other 

physiological processes, modifiable by intervention, and affected by clinical conditions, providing 

a new perspective for the study of macro-scale functional organization of the human brain. 

In recent years, we and others have shown that the spatial topology of resting-state brain 

activity and connectivity derived from haemodynamic and electrophysiological data is associated 
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 3 

with specific neurobiological features10–23. For example, the magnitude of blood flow changes in-

duced by dopaminergic medication follows the expected distributions of dopaminergic receptors 

in the brain10. Pharmacological modulation of regional BOLD signals can be understood through 

the expected distributions of the respective drug targets22,24. BOLD alterations in neurological and 

neurodevelopmental disorders co-localize with affected neurotransmitter systems, and normative 

connectome organization is related to inter-regional similarity in receptor and transporter expres-

sion13–17.  

The cross-modal co-localization approaches employed by prior studies largely focused on 

regional estimates of neural activity or connectivity, disregarding information on the brain’s net-

work organization. However, their underlying assumption – if a receptor’s activity contributes to 

the measured neural signal, then modulating receptor activity should modulate the signal in brain 

regions with higher receptor availability – can be extended to functional connectivity. If a receptor 

is active across multiple brain regions contributing to the measured signal, its activity should in-

troduce a characteristic pattern to the regional signals, which may result in increased synchroniza-

tion between regions with high receptor abundance. Extending this logic, if a receptor supports 

transmission of local, short-range information, thereby increasing local signal entropy, then the 

receptor’s relative absence may facilitate interregional synchronization. 
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Fig. 1: Neurobiologically enriched organization of functional connectivity (NEOFC)  

a: Cortical parcels (Schaefer200 parcellation, n = 200) color-coded by percentile rank of a given reference atlas (here: the noradrenaline 

transporter); percentile threshold 50% shown as an example. b: An rsFC matrix (here: group average correlation strength) thresholded by 

the 50th percentile of the reference atlas (top 50% densest parcels: top right; bottom 50%: bottom left); brain plots: thresholded connectomes 

projected on a standard glass brain. c: NEOFC curve: mean rsFC of included parcels as a function of the density percentile threshold, 

computed for the original reference map (green) and the spatially inverted reference map (dark red). Colored shaded area: group mean ± 

90% PI across individuals. Grey shaded area: null distribution based on null models of the reference map. d: Individual AUC+ and AUC− 

scores, quantifying the area under the original and inverted NEOFC curves, respectively (each dot: one participant). e: Illustrative 

downstream application: AUC+ scores associated with a continuous variable of interest via linear regression (scatter: individual 

participants; line: regression fit). Abbreviations: rsFC: resting-state functional connectivity; PI: percentile interval; AUC: area under the 

curve. 
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 5 

Building on these theoretical considerations, here we introduce a framework for evaluating 

the Neurobiologically Enriched Organization of Functional Connectivity (NEOFC). We quantify 

changes in rsFC as a function of regional receptor and transporter density estimates, obtained from 

nuclear imaging in healthy volunteers and spanning all major neurotransmitter systems25,26. A de-

rived subject-level index aggregates the topological relationship between an individual rsFC con-

nectome and specific neurobiological tissue properties. In multiple independent rsfMRI datasets, 

we show that these indices of neurobiology-dependent functional synchronization capture a robust 

and reliable component of brain network organization at both group and individual levels. Extended 

effects in MEG connectomes demonstrate that this network-organizational component generalizes 

across modalities. Close links between rsFC in a noradrenaline-rich sensorimotor-insular network 

and autonomic arousal support the neurobiological relevance of the framework. Sensitivity to phar-

macological manipulation and to rsFC alterations in early psychosis further illustrate its clinical 

potential. All methods are openly available for the community to build upon. 

A framework linking typical neurobiological signals to individual connectomes 

 The NEOFC framework (Fig. 1, Animation S1) quantifies the topological association be-

tween the spatial distribution of a neurobiological marker across brain regions (reference atlas; 

here, a group-average nuclear imaging map; Fig. 1a) and the functional network defined over the 

same regions (connectome; here, an individual’s 200-region-by-region Pearson rsFC matrix; Fig. 

1b). We obtain this association by (i) converting the reference atlas to percentiles, (ii) masking the 

connectome according to atlas percentile thresholds ranging from 0 to 95, (iii) calculating the mean 

rsFC between regions remaining after each threshold step, and (iv) condensing the result in a curve 

of percentile thresholds versus mean rsFC (Fig. 1c). This relationship is then summarized as a 

single score by calculating the area under the curve (AUC) after subtracting the global connectivity 

(mean rsFC at percentile 0, i.e. of all connections; Fig. 1d). These AUC scores capture the overall 

association between each individual connectome and reference atlas and are used for all main and 

.CC-BY 4.0 International licenseavailable under a
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 

The copyright holder for this preprint (whichthis version posted May 5, 2026. ; https://doi.org/10.64898/2026.04.28.721294doi: bioRxiv preprint 

https://doi.org/10.64898/2026.04.28.721294
http://creativecommons.org/licenses/by/4.0/


LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 6 

follow-up analyses (Fig. 1e). The AUC serves as the primary aggregate metric because it captures 

the overall connectome-reference relationship independent of curve shape. Using this approach, 

we test for positive associations, such that synchronization is stronger between regions with higher 

density of a given neurobiological atlas (AUC+). We then repeat the analysis using the spatial 

inverse of each neurotransmitter atlas to test for stronger synchronization between low-density re-

gions (AUC−; Fig. 1a–d). To guard against spurious effects driven by shared spatial structure27, 

each association is evaluated against null reference atlases preserving spatial autocorrelation and 

interhemispheric symmetry25. This allows us to calculate non-parametric exact p values on group 

and individual levels, which we correct for the effective number of tests across atlases within each 

main analysis (pMeff). In sensitivity analyses, we evaluated both alternative brain parcellations and 

an alternative aggregation score focused on the quadratic-like shape of some percentile-rsFC curves 

(second-degree polynomial fit; Supplementary Methods). 

We assembled a database of 25 reference atlases derived from independent healthy adult 

nuclear imaging studies25,26, using a harmonized registration procedure to ensure comparability and 

spanning all major neurotransmitter systems as well as metabolism, synaptic density, and tran-

scriptomic activity (Tab. S1). For a positive control analysis, we additionally obtained probabilistic 

atlases of 12 established resting-state networks28. Individual connectomes were derived from 

rsfMRI and source-reconstructed MEG data from a subset of the Human Connectome Project 

Young Adult sample (HCP-YA)29, alongside rsfMRI data from one physiology study, three phar-

macological studies, and one clinical case-control study (Tab. S2). The HCP-YA rsfMRI dataset 

served as the discovery sample for the main analyses (n = 112, 64 female), and findings were tested 

for replication in healthy, untreated, adult subsamples from the other five rsfMRI datasets. 
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Fig. 2: Resting-state fMRI functional connectivity organizes along neurobiology 

a: AUC+ and AUC− scores (z-scored against a null distribution of spatially matched reference maps) for 12 resting-state network atlases 

used as a positive control, together with test-retest reliability (ICC(2,k); Schaefer200 parcellation, first scanning run). Bars: group mean; 

error bars: 90% PI across individuals; grey shaded areas null distributions of the AUC group means, z-scored similarly to the observed 

scores for visualization. Brain maps show the parcellated reference atlases converted to percentiles. b: Exemplary NEOFC curve for the 

DMN probability atlas during the first scanning run (original percentile-FC curve: blue; inverted test: dark red; colored shaded area: 90% 

PI across individuals; grey shaded area: null distribution). Right side: comparison of AUC estimates from run 1 and 2 (thin lines: individual 

subjects; thick line, dots, and errorbars: group mean with 90% PI). c: AUC+ and AUC− scores for 25 nuclear imaging reference maps, 

displayed separately for Schaefer200 (darker bars) and Schaefer200 + 16 subcortical parcels (brighter bars); shown as in a. d: NEOFC 

curves for three selected monoaminergic transporter maps (VMAT2, NET, VAChT); displayed as in b. Abbreviations: AUC: area under 

the curve; ICC: intraclass correlation coefficient; WCV: within-subject coefficient of variability; PI: percentile interval; pMeff: p-value 

corrected for effective number of comparisons; DMN: default mode network; CMRglu: cerebral metabolic rate of glucose; SV2A: synaptic 

vesicle protein 2A; HDAC: histone deacetylase; VMAT2: vesicular monoamine transporter 2; mGluR5: metabotropic glutamate receptor 

5; NMDA: N-methyl-D-aspartate receptor; GABAA, A5: gamma-aminobutyric acid type A, A5 receptor; NET: noradrenaline/norepinephrine 

transporter; α4β2: alpha-4 beta-2 nicotinic receptor; M1: muscarinic acetylcholine receptor M1; VAChT: vesicular acetylcholine 

transporter; FDOPA: fluorodopa; D1, 2/3: dopamine receptor 1, 2/3; DAT: dopamine transporter; 5-HT1A, 1B, 2A, 4, 6: serotonin receptor 1A, 

1B, 2A, 4, 6; MOR/KOR: mu/kappa-opioid receptor; CB1: cannabinoid receptor type 1. 
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 8 

NEOFC is sensitive to canonical resting state network structure 

The canonical organization of the resting functional connectome is described by the well-

established resting-state networks2,4. Probabilistic atlases map the probability of a region to belong 

to a given network, i.e., regions with high probability for a given network are likely to be connected 

to each other. In the NEOFC framework, such atlases should yield strong effects, acting as a posi-

tive control. In line with this, we found significant AUC+ effects for 8 out of 12 tested resting-state 

networks in the HCP-YA sample (pMeff < 0.05; Figs. 2a/b; Tab. S2), indicating increased rsFC 

between regions with high probability of a given network. Interestingly, 5 networks, including 3 

of the 4 which did not show AUC+ effects, also showed significant AUC− effects, indicating 

stronger synchronization between regions with low network probability and likely reflecting the 

known spatial anticorrelation of some of the networks ((pMeff < 0.05; Fig. 2a/b). This pattern was 

generally robust to the alternative parcellation schemes and aggregation metric (Fig. S1; Tab. S3). 

The fMRI resting-state connectome is robustly associated with neurobiological signals  

 Having established that NEOFC can capture known topological relationships, we next 

tested for the neurobiological signals underlying rsFC organization in the HCP-YA fMRI dataset. 

We observed the strongest AUC+ effect for the noradrenaline transporter (NET; pMeff < 0.05; Fig. 

2c/d; Fig. S2; Tab. S4), arising from higher connectivity between regions with stronger NET sig-

nals. The effect was significant in each of 112 discovery subjects (p < 0.05; Fig. S3) and in all five 

replication samples (pMeff < 0.05; Fig. S4). A meta-analysis across all six healthy datasets, suited 

to also detect weaker effects, additionally revealed significant AUC+ effects of acetylcholine, do-

pamine, and serotonin transporters (VAChT, DAT, 5-HTT) as well as glutamate and opioid recep-

tors (mGluR5, KOR; pMeff < 0.05; Fig. 2c; Fig. S5; Tab. S5). In contrast to the few AUC+ effects, 

AUC– effects were observed across all studied neurotransmitter systems (pMeff < 0.05; Fig. 2c/d; 

Tab. S4). This pattern of results was supported by analysis of the delta between AUC+ and AUC– 

effects, which should diminish influences of shared spatial patterns not captured by the null models 
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 9 

(Fig. S6; Tab. S4). The main effects were robust to different parcellation schemes, removal of 

interhemispheric connections, as well as the alternative aggregation metric (Supplementary Re-

sults; Fig. S6/7; Tab. S4). 

Neurobiological rsFC organization is reliable and reproducible 

One-day test-retest data from the HCP discovery dataset served to evaluate the reliability 

of the NEOFC framework. All significant AUC outcomes showed a good to excellent retest relia-

bility, supporting robustness of the respective findings [ICC(2,k) > 0.7; within-subject coefficient 

of variation < 0.25; Fig. 2a; Tab. S6]. Comparison of the AUC+ and AUC– profiles between six 

independent datasets showed very good to excellent reproducibility (Fig. 3a; Fig. S4; Tabs. S7/8). 

Electrophysiology validates and enhances hemodynamic findings 

 Electrophysiological measures are conceptually more closely related to neuronal activity 

than the hemodynamic signals measured by rsfMRI and thus should contain more fine-grained 

information on underlying neurobiology. We extended our analysis of the HCP-YA dataset by 

studying source-reconstructed resting-state MEG connectomes across six frequency bands (ampli-

tude envelope correlations; n = 33, 16 female)21,30. Compared to rsfMRI, AUC profiles derived 

from MEG showed a shift towards higher sensitivity to AUC+ effects and reduced sensitivity to 

AUC– effects (Fig. 3b; Fig. S8; Tab. S9). Most AUC+ effects were observed in low- and high-

gamma frequency bands, spanning several neurotransmitter systems, while the beta band was dom-

inated by NET and VAChT AUC+ effects. In contrast to rsfMRI, AUC– results largely did not 

reach significance levels with the notable exception of GABAA (pMeff < 0.05).  

Group- and single-subject level AUC+ and AUC– profiles displayed strong similarity be-

tween MEG and rsfMRI, with the strongest alignment observed for the MEG beta band (Fig. 3c; 

Fig. S9; Tab. S10). The results remained stable with different parcellation resolutions (Figs. 

S10a/b; Tab. S9). Analyses of individual AUC estimates across subjects per neurotransmitter map 

indicated a limited association between both modalities (Fig. S11; Tab. S11).  
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Fig. 3: Neurobiological rsFC organization is reproducible and extends to MEG 

a: Pairwise Spearman's rho between mean AUC+ (top) and AUC− (bottom) profiles across 6 fMRI cohorts and one MEG cohort (25 nuclear 

imaging reference maps; Schaefer200 and Schaefer200 + subcortex parcellation). Lower triangle: cortex; upper triangle: whole-brain. 

ICC(3,1) reported for fMRI cohorts (first value: cortex; value in brackets: whole-brain). b: AUC+ and AUC− scores for 25 nuclear imaging 

reference maps derived from MEG AEC FC matrices, displayed as a heatmap (Schaefer200, z-scored against null distribution); right 

column: fMRI results for reference. c: Correspondence between fMRI and MEG-beta AUC profiles (z-scored against null) across 25 

reference maps (each dot: sample-mean AUC value of one reference atlas; thick line: corresponding regression fit with 95% bootstrapped 

CI; thin lines: individual regression fits without single values; color: Spearman's rho). Four combinations shown: fMRI AUC+ vs. MEG 

AUC+, fMRI AUC− vs. MEG AUC−, fMRI AUC+ vs. MEG AUC−, fMRI AUC− vs. MEG AUC+. Abbreviations: AUC: area under the 

curve; fMRI: functional magnetic resonance imaging; MEG: magnetoencephalography; ICC: intraclass correlation coefficient; FC: 

functional connectivity; AEC: amplitude envelope correlation; CI: confidence interval; pMeff: p-value corrected for effective number of 

comparisons. 
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LINKING FUNCTIONAL CONNECTIVITY TO NEUROTRANSMISSION 11 

Region-specific influences on neurobiological rsFC organization 

Next, we assessed how the general connectome-neurobiology associations captured by the 

AUC indices were influenced by rsFC patterns of individual brain regions. We employed a leave-

one-out approach identifying regions/connections whose exclusion most strongly influenced the 

aggregated AUC metric as identified in the meta-analytic approach31. Second, we evaluated AUC 

scores calculated at systematically lowered upper percentile bounds to determine if the observed 

effects were driven by only a few regions with extreme expression or a continuous topological 

association across a larger subnetwork. 

 Both, AUC+ and AUC– displayed distinct topological associations (Figs. 4a and S12a/b). 

We found the NET AUC+ pattern to be most strongly influenced by posterior insula, lateral and 

medial sensorimotor, and supplementary motor areas, regions with notably high levels of NET 

(Figs. 4a and S12a). We furthermore found that the NET AUC+ effect emerged even when con-

sidering only the lowest 40% of the regional NET distribution. This indicates a widespread topo-

logical brain network association, peaking in specific high-NET regions. AUC– scores derived 

from serotonergic and opioidergic atlases displayed even more extended patterns (Fig. S13; Tab. 

S12). 

So far, we introduced the NEOFC framework as a method to study topological associations 

between human brain connectome organization and neurobiological signals. The framework rests 

on the assumption that the spatial pattern exhibited by a neurobiological reference atlas is reflected 

in individual brain network topology. From the extent of this cross-modal spatial association, we 

derived interpretable markers of individual connectome-neurobiology relationships. These markers 

proved robust, reliable, and reproducible in rsfMRI data, but are also – or even more so – present 

in electrophysiological data, supporting a neuronal origin. In the following, we will investigate the 

(patho-)physiological relevance of our approach by exploring the notable noradrenergic effect, 
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demonstrating that derived indices are sensitive to pharmacological modulation, and conducting a 

clinical application experiment. 

  

Fig. 4: Neurobiological rsFC organization is driven by regional subnetworks and reveals a sensorimotor-

insular component related to autonomic physiology  

a: Regional (left, leave-one-region-out) and connection (right, leave-one-connection-out) influence on AUC for 6 selected reference maps 

and directions: NET (AUC+), VAChT (AUC+), VMAT2 (AUC−), 5-HT6A (AUC−), MOR (AUC−), and CB1 (AUC−) (Schaefer200 + 

subcortex parcellation). Color indicates direction and magnitude of influence. b: NET density percentile map projected onto the 

Schaefer200 + subcortex parcellation, shown for spatial reference. c: Association between NET AUC+ and autonomic physiological 

measures across two cohorts: HRV (RMSSD and MadNN; HCP-YA) and pupil-based arousal indices (PUI and HF-P power; YRSP). 

Scatter: individual observations, repeated measures are connected; black: Schaefer200 parcellation; grey: Schaefer200 + subcortex 

parcellation; line with shaded area: regression fit across all data with 95% bootstrapped CI. LMM used for statistical inference, controlling 

for mean FD, global connectivity, and demographic covariates. Abbreviations: rsFC: resting-state functional connectivity; AUC: area under 

the curve; HRV: heart rate variability; RMSSD: root mean square of successive differences; MadNN: median absolute deviation of NN 

intervals; PUI: pupil unrest index; HF-P: high-frequency power of the arousal-related pupil signal range (0.25–0.50 Hz); LMM: linear 

mixed model; FD: framewise displacement; CI: confidence interval; see Fig. 2 for reference map abbreviations. 
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A noradrenergic motor-insular component reflects autonomic arousal 

AUC+ associations with NET were the strongest and most consistent signal detected in the 

above analyses. We next tested for their neurobiological relevance, thereby providing external ev-

idence supporting the NEOFC framework. The NET is typically located presynaptically at cortical 

and subcortical projection sites of noradrenergic neurons32, a subpopulation of which form the lo-

cus coeruleus (LC). Accordingly, the NET reference atlas showed the highest density in lateral and 

medial sensorimotor cortices, insula, and medial subcortical regions (Fig. 4b), the cortical regions 

of which strongly influenced the AUC+ effects.  

On the basis of this anatomical pattern, the well-established autonomic functions of the 

LC33, the consistent NET effect across subjects and samples, and the observed regional importance 

profile, we hypothesized that the signal reflects a general neurobiological process related to auto-

nomic arousal. Considering this hypothesis, the similarity of the NET atlas to the sensorimotor-

association axis, and prior reports on a global fMRI component associated to peripheral physiol-

ogy34, we first confirmed that this association persisted after spatial regression of several atlases 

capturing brain vasculature as well as functional and microstructural organization (Fig. S14; Tab. 

S13). To minimize the risk of physiological artifacts, we further implemented a strict 36-parameter 

confound regression scheme during rsfMRI preprocessing35.  

Across two independent datasets employing different measurements of peripheral auto-

nomic activity, NET AUC+ scores were robustly associated with autonomic arousal measures 

across subjects and sessions (Fig. 4c; Tab. S14). First, NET AUC+ was significantly associated 

with in-scanner heart rate variability in the HCP-YA subsample (n = 64, 103 observations; Fig. 

S15). Second, it was strongly associated with low-frequency pupil diameter fluctuations in the Yale 

Resting State fMRI/pupillometry sample36 (YRSP; n = 25, 49 observations; Tab. S2; Fig. S16). 

Both analyses indicate an inverse relationship between NET AUC+ and autonomic arousal, with 

higher arousal linked to lower synchronization between regions with high NET availability, an 
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association possibly related to the reported interruption of functional networks following tonic LC 

activation37. 

Neurobiological rsFC organization is sensitive to pharmacological modulation 

 As demonstrated above, the NEOFC framework is sensitive to neurobiological properties 

that underlie brain functional network organization. NEOFC metrics should therefore be altered by 

interventions affecting the same neurobiological systems. We tested this hypothesis in three healthy 

adult datasets (Tab. S2) applying four psychotropic substances – methylphenidate (MPH), risperi-

done, ketamine, and midazolam – in placebo-controlled, within-subject, crossover trials24,38,39. We 

systematically evaluated drug effects for both AUC+ and AUC– scores calculated on subject-/ses-

sion-level across all reference atlases in separate mixed linear models (controlled for mean motion 

and global connectivity).  

A combined overview of the results is shown in Fig. 5 (Tab. S15). First, MPH is expected 

to affect noradrenaline and dopamine transporters. We could not confirm effects of MPH on NET 

or DAT AUC in the available dataset, but we observed negative associations with AUC+ scores 

for an acetylcholine transporter (VAChT) and opioid receptor (KOR), indicating reduced rsFC be-

tween high-density brain regions under MPH influence. Risperidone, in contrast, showed effects 

well in line with its known dopaminergic and serotonergic receptor targets. The strongest effects 

of risperidone were a reduction of AUC– scores for the 5-HT2A and D2/3 receptors compared to 

placebo. For ketamine, we observed widely distributed effects on AUC+ and AUC–. While the 

main target of ketamine, the NMDA receptor, indeed showed a significant reduction of AUC– 

scores, we observed many stronger effects, the strongest being a reduction of NET AUC+. Lastly, 

exposure to midazolam resulted in an increase in AUC– of the expected target receptor, GABAA, 

as the only significant effect. We then tested for potentially opposing effects of ketamine and mid-

azolam in a 3-factor model. The strongest effects following a “midazolam > placebo > ketamine” 

pattern were observed for NET AUC+, GABAA AUC–, and serotonergic AUC– scores.  
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As ketamine and midazolam were applied intravenously during fMRI scanning, the data 

allowed us to further explore the acute pharmacological modulation of NEOFC by running a slid-

ing-window analysis. For both drugs, we found a strong deviation of time-resolved AUCs from 

both placebo and pre-infusion data (Fig. 5, lower right), confirming the modulatory drug effects 

and the ability of the method to track rsFC patterns dynamically over time. 

Fig. 5: Neurobiological rsFC organization is modulated by pharmacological agents 

Left, session comparison overview: LMM beta coefficients for treatment effects on AUC+ and AUC− across 25 nuclear imaging reference 

maps and 4 drug challenges for Schaefer200 and Schaefer200 + subcortex parcellations (methylphenidate and risperidone: treatment effect; 

ketamine and midazolam: treatment × session interaction). Color: standardized beta coefficient; significance markers indicate Wald χ² test 

p values. Right, selected comparisons, all for Schaefer200: small panels: individual AUC values per session for expected and strongest 

target effects (expected targets marked with an asterisk; methylphenidate: NET, VAChT, KOR; risperidone: 5-HT2A, D2/3, MOR; ketamine: 

NMDA; midazolam: GABAA). Colored dots with thin lines: individual subjects; Black dots with error bars: group mean with 95% 

bootstrapped CI. Lower right big panels: sliding window timecourses of mean AUC+ (NET) and AUC− (GABAA) across the infusion 

session (60-second windows, 10-second steps); ketamine: red; midazolam: blue; placebo: black; shaded area: 95% bootstrapped CI. 

Abbreviations: LMM: linear mixed model; AUC: area under the curve; FC: functional connectivity; CI: confidence interval; pMeff: p-

value corrected for effective number of comparisons; see Fig. 2 for reference map abbreviations. 
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Neurobiological rsFC organization is sensitive to network alterations in early psychosis 

The pharmacological analyses indicate that the NEOFC framework carries potential for 

studying pathophysiological processes involved in psychiatric and neurological disorders. We ex-

plored this in a clinical experiment in the HCP Early Psychosis dataset (HCP-EP; n = 96 patients, 

n = 55 controls; Tab. S2). We systematically tested for group differences in both AUC+ and AUC– 

between the full patient and control cohorts, as well as after stratifying the psychosis group based 

on medication status (current and lifetime exposure; group differences in covariates: Tab. S16). 

Finally, we calculated partial Spearman associations of AUC indices with symptom and general 

cognitive function scales as well as medication intake in the psychosis group. 

We found a strong reduction of primarily AUC+ scores in psychosis across various neuro-

transmitter systems (Fig. 6, left; Tab. S17). Serotonergic, followed by dopaminergic indices 

showed the strongest significant reductions (Fig. 6, center). These effects indicate reduced rsFC 

between serotonin and dopamine receptor-rich brain areas in psychosis. Notably, the serotonergic 

5-HT6 AUC+ correlated negatively with current antipsychotics intake (Fig. 6, right). For the dopa-

mine transporter, we found significant reductions for both AUC+ and AUC– out of which AUC+ 

reduction was associated with higher symptom scores (Fig. 6, right). More generally, correlation 

patterns with clinical scales and medication intake were strongest with serotonergic and dopamin-

ergic AUC+ indices, however, none survived correction for multiple comparisons (Fig. S17; Tab. 

S18). Medicated and unmedicated psychosis subgroups did not differ. The effects were largely 

similar when subcortical parcels were included (Fig. 6; Tab. S17).  
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Fig. 6: Neurobiological rsFC organization is altered in early psychosis 

Left, group comparison: type II ANCOVA beta coefficients for CTRL vs. PSY group differences in AUC+ and AUC− across 25 nuclear 

imaging reference maps (site-harmonized data; covariates: age, sex, mean FD, global connectivity, current antipsychotic dose). Darker 

bars: Schaefer200; brighter bars: Schaefer200 + subcortex; significance markers indicate pMeff. Middle, selected comparisons: individual 

AUC values per diagnostic group for the 4 strongest effects (5-HT4, 5-HT1A, D2/3: AUC+; DAT: AUC−). Each panel shows three diagnostic 

contrasts: CTRL vs. PSY, CTRL vs. PSY stratified by current antipsychotic dose, and CTRL vs. PSY stratified by lifetime antipsychotic 

use. Subjects are additionally color-coded by controls (blue), and non-affective (orange) vs. affective psychosis (green). Dots: individual 

subjects; boxplots: median, quartiles and 1.5*interquartile range; black dots with errorbars: mean and 95% bootstrapped CI; brackets with 

significance markers: Tukey HSD post-hoc comparisons. Right, selected associations: Correlations between AUC+ and clinical variables 

within the PSY group (scatter: individual subjects; line: regression fit with 95% bootstrapped CI; partial Spearman’s rho reported). 

Abbreviations: AUC: area under the curve; FC: functional connectivity; ANCOVA: analysis of covariance; CTRL: healthy controls; PSY: 

psychosis; FD: framewise displacement; pMeff: p-value corrected for effective number of comparisons; see Fig. 2 for reference map 

abbreviations. 
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Discussion 

Here we examined how functional synchronization of the human brain relates to underlying 

neurobiology using an integrative framework based on brain network topology. We showed that 

functional connectivity measured with both haemodynamic and electrophysiological imaging mo-

dalities is robustly associated with neurotransmission, with stronger connectivity observed within 

networks characterized by high or low expression of specific receptors or transporters. These ef-

fects were highly reliable and reproducible at group and individual levels. The close association 

between noradrenergic AUC scores and measures of physiological arousal provides evidence for 

the neurobiological relevance of the observed effects. The AUC scores were modulated by phar-

macological interventions and altered in patients with psychotic symptoms, highlighting their po-

tential for clinical research, which we facilitate by providing the underlying method as a Python 

package (mapconn).  

We first validated the NEOFC approach using established resting-state networks as a posi-

tive control. For eight of the twelve networks, we observed the expected synchronization effects, 

indicating high sensitivity of the method to interregional rsFC organization. When applied to a 

comprehensive database of neurotransmission atlases, most of these showed topological associa-

tions in terms of increased rsFC between regions with high or low density of the respective recep-

tors or transporters. The strongest effects were consistently observed across all evaluated subjects 

and cohorts in both rsfMRI and MEG data, pointing to a general neurobiological basis. Individual 

AUCs, as well as group-level and single-subject AUC profiles across reference atlases, displayed 

good to excellent test-retest reliability. 

The strongest evidence for a neurobiological source of the observed AUC effects comes 

from MEG, where AUC+ effects of NET and VAChT emerged in the beta band. As a more direct 

measure of neural activity, MEG is less likely to be biased by physiological confounds that are 

typically associated with rsfMRI, i.e., peripheral physiological signals. With the exception of 
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GABAA, only AUC+ associations passed stringent significance thresholds, extending the recently 

reported neurotransmitter-related modulation of local intracranial EEG spectra to rsFC40. In line 

with the known association between gamma oscillation power and aggregated neural firing 

rates41,42, we observed the strongest MEG-neurobiology associations in gamma frequency bands. 

While gamma-band activity is typically generated locally, long-range network organization is en-

abled via cross-frequency coupling43, whereby fast local gamma activity is modulated by slower 

rhythms41,44.  

With rsfMRI, we observe only a few AUC+ associations. The most consistent effects were 

found for noradrenaline, followed by acetylcholine transporter availability. The noradrenaline ef-

fects were primarily driven by a sensorimotor-insular network, overlapping with known interocep-

tive and sensory-integrative brain networks45. Two independent datasets provide convergent evi-

dence for an association between these noradrenaline effects and arousal, indexed by heart rate 

variability and pupil unrest. The tonic noradrenaline release by the LC is thought to interrupt the 

activity of functional networks to promote rapid behavioral adaptation37. This process reconfigures 

network activity from a tightly coupled, low-arousal state toward cross-network integration37,46. 

Consistent with this mechanism of action, we find higher arousal to be associated with lower indi-

vidual AUC+ scores. More generally, a meta-analysis across all rsfMRI cohorts revealed a ten-

dency of all neurotransmitter transporters towards AUC+ effects. Transporters are mainly presyn-

aptic and closely tied to long-range ascending projection systems, so their network signatures may 

be sufficiently strong and spatially coherent to be detected in hemodynamic rsFC33,47.  

The majority of rsfMRI effects displayed increased rsFC between regions with low density 

of the neurobiological atlases as indicated by AUC– effects. Notably, these effects were largely 

absent in MEG data. Such associations may be expected for receptors or transporters carrying pri-

marily local information, i.e. if a receptor’s activity rendered the local BOLD signal more unique, 

its absence could facilitate synchronization. A more integrative explanation may lie in frequency-
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specific modes of interregional communication48. Regions interact through neurotransmission of-

ten at higher frequencies, such that synchronization is found in fast dynamics and therefore cap-

tured by MEG (gamma)41–43. In contrast, the same neural sources are observed in rsfMRI through 

neurovascular coupling and after heavy temporal filtering, which can attenuate interregional infor-

mation and leave a more local-appearing metabolic covariance pattern1,49. Only ultra-slow fluctu-

ations in neural population activity, producing large-scale networks with high spatial coherence, 

are captured by rsfMRI. Such signals may be tracked especially by MEG beta band amplitude 

envelopes. The beta band showed the strongest rsfMRI-MEG cross-modal convergence in our 

study and is generally considered spatiotemporally robust with a favorable signal-to-noise ra-

tio5,50,51,30. Strongly supporting this reasoning, Sastre-Yagüe et al.52 recently demonstrated that 

causal manipulation of cortical excitability in mice induced opposing effects on high frequency 

spectra, as captured by MEG, versus ultralow frequency spectra, as captured by rsfMRI. In line 

with this notion of opposing effects, we find a negative association between AUC– profiles ob-

served with rsfMRI and AUC+ profiles observed with MEG and vice versa. Despite clear dissoci-

ations in the individual significant AUC effects, significant cross-modal correlations between 

AUC+ and AUC– profiles support the notion that both imaging modalities actually capture infor-

mation from high and ultra-slow frequency spectra, though clearly with preferential sensitivity. 

Using pharmacological challenge data, we tested whether the AUC scores are modifiable 

by targeted interventions. Consistent with their mechanisms of action, we found that risperidone, 

ketamine, and midazolam modulated the AUC of receptors with high affinity of the respective 

compounds53–56. Risperidone reduced AUC– estimates of multiple serotonergic and the dopamine 

D2/3 receptors, which may be expected from its receptor antagonism, with downregulation reducing 

the desynchronization. Ketamine, an NMDA receptor antagonist, is known for its widespread direct 

and downstream effects on a multitude of neurotransmitter signaling pathways55,57,58. Consistently, 

we found non-specific ketamine effects on AUC across most of the evaluated neurotransmitter 
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systems. AUC effects of ketamine and midazolam displayed opposing patterns for GABAA AUC– 

and NET AUC+. While ketamine generally increases sympathetic drive, a property also linked to 

its antidepressant effects59, midazolam generally shows inhibiting effects. Despite its GABA-me-

diated inhibitory properties and in contrast to the other compounds, midazolam generally increased 

rsFC, supporting the notion that deactivation rather than activation of a receptor may often support 

long-range rsfMRI network synchronization. Contrary to its mechanism of action as a noradrena-

line and dopamine reuptake inhibitor, MPH showed AUC+ reductions only for a cholinergic trans-

porter and the κ-opioid receptor. The limited rsfMRI sensitivity to its primary mechanism of action 

is consistent with previous studies reporting similar negative MPH findings for local activity 

measures10. While further investigation is necessary, possible explanations include its indirect 

mechanism of action as a reuptake inhibitor, direct or downstream effects of MPH on the opioid 

system60, and limited effects of MPH in healthy adults61.  

AUC profiles in patients with psychotic symptoms differed from controls across most neu-

robiological systems, with the strongest alterations seen for dopaminergic and serotonergic neuro-

transmission, consistent with their established role in psychosis62,63. All of the observed effects 

indicate AUC reductions, with stronger effects for AUC+. This pattern, which was independent of 

antipsychotic medication and global connectivity in our early psychosis sample, suggests a general 

disruption of the typical coupling between neurobiology and large-scale rsFC organization in psy-

chosis. The fact that the respective AUC+ scores were significant only in MEG but not in rsfMRI 

in control subjects alone raises interesting questions regarding the directionality of such a disrup-

tion as well as on the potential relevance of high frequency spectra for the observed findings. Future 

research is needed for corroboration of these findings, ideally with PET and electrophysiological 

imaging.  

While all of these findings provide compelling evidence for the neurobiological relevance 

of NEOFC-derived measures, key limitations of the framework include (i) correlative nature of the 
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non-interventional findings limiting causal interpretation, (ii) dependence on the quality and rep-

resentativeness of PET-derived reference maps, (iii) reduced specificity due to intercorrelated 

maps, and (iv) current restriction to univariate analyses64–66. Validation was further limited by heart 

rate estimation based on pulse-oximetry (relative to electrocardiography) in HCP-YA and small, 

demographically narrow pharmacological cohorts applying drugs with partly broad binding pro-

files. Future work should focus on multivariate modeling across reference atlases, systematic com-

parison of connectivity estimators and metrics, integration with simultaneous fMRI-EEG and 

fMRI-PET, and clinical out-of-sample prediction. The framework is readily extensible to other 

biological priors, electrophysiological connectomes (e.g., EEG), task-based or dynamic rsFC, and 

within-subject mapping (e.g., structure–function coupling). 
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Method 

Data sources and general processing 

Ethics statement 

 No new data were acquired for this study. Ethical approval for the use of publicly available 

and restricted-access datasets including human demographic, behavioral, and neuroimaging data 

has been granted by the Heinrich-Heine-University, Düsseldorf, Germany. For information on eth-

ical approvals for each dataset as provided by the local committees, we refer to the original sources 

cited in the text. Informed consent was obtained from each participant and their parents in the case 

of underage subjects (the latter applying only to a small subset of the HCP Early Psychosis sample).  

Software  

For connectomes which were not obtained directly from other publications, preprocessing 

of rsfMRI data was performed using the HCP pipeline67 for the HCP-EP sample and with Free-

Surfer68 (7.4.1) and fMRIprep69 (24.0.1) for the remaining datasets. Postprocessing and extraction 

of connectomes was done with XCP-D70. All further analyses were performed in a Python (3.10.15) 

environment, relying on the NiSpace25 (0.0.1-beta.4) toolbox and mapconn (0.0.1) packages, as 

well as on routines from numpy71 (1.26.4), pandas72 (2.2.3), scipy73 (1.12.0), statsmodels74 (0.14.4), 

pingouin75 (0.5.5), neuroHarmonize76 (2.4.5), Nilearn77 (0.10.4), neuromaps26 (0.0.5), NeuroKit278 

(0.2.11), matplotlib79 (3.9.2), and seaborn80 (0.13.2).  

Reference atlases 

 All deployed reference atlases, i.e., nuclear imaging, resting-state network probability, and 

covariate maps, were obtained directly through NiSpace in parcellated, tabular format. Originally, 

these data stem from independent studies conducted in healthy adults, which then shared their 

group-level outputs for public use. Sources of the nuclear imaging reference atlases are listed in 

Table S110,11,17,26,81–114. A known problem with the currently available collections of nuclear imag-

ing atlases is the heterogeneity of spatial registration target spaces, which are often unknown. To 
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approach this, we registered all group-average maps to 2 mm MNI152NLin6Asym space using a 

non-linear deep-learning based method (SynthMorph v4)115. The resulting maps were masked with 

a liberal grey matter mask generated from the Harvard-Oxford atlas and scaled from 1e-6 to 1. 

Resting-state network probability maps, i.e., the probability that a given voxel belongs to a given 

canonical resting-state network across multiple subjects, were obtained from Dworetsky et al.28 

and registered to MNI152NLin6Asym space as described above. Atlases used as spatial covariates 

were provided by several separate publications: T1/T229, sensory-association axis116, cytoarchitec-

tural gradient maps derived from post-mortem human histology117,118, as well as probability maps 

of gray matter and cerebrospinal fluid119, cerebral veins120, and arteries121.  

Brain parcellations 

We employed the Schaefer parcellation122 at 200-parcel density with and without 16 Free-

Surfer subcortical parcels (“aseg”, excluding the brainstem) as the main parcellation scheme. To 

evaluate effects of different parcellation densities, we additionally tested 100- and 400-parcel den-

sities with and without subcortical parcels only in the rsfMRI discovery and retest, MEG validation, 

and rsfMRI-MEG association analyses. The parcellations were applied directly in the target image 

spaces, i.e. in MNI152NLin6Asym for volumetric reference data, fsaverage for reference data orig-

inally provided in surface format, and fsLR for functional data. 

Study samples and subject exclusions 

Full sample descriptions and demographic details are provided in Supplementary Methods 

and Table S2. All rsfMRI sessions with mean framewise displacement (FD) > 0.3 mm were ex-

cluded (except the MPH dataset, for which preprocessed connectomes were obtained directly from 

the original authors). Briefly, the primary discovery sample was drawn from the HCP-YA dataset29 

(n = 112, two resting-state runs; MEG data available for a subset of n = 33). The YRSP dataset36,123 

provided simultaneous rsfMRI and pupillometry recordings from n = 25 subjects (49 sessions) for 

the physiological association analyses. Three placebo-controlled, randomized, within-subject 
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crossover studies were included for pharmacological analyses: an oral MPH study24 (placebo vs. 

MPH; n = 30), an oral risperidone study38 (placebo vs. low vs. high dose; n = 17–19 sessions per 

condition), and an intravenous ketamine/midazolam study39 with pre- and post-infusion rsfMRI 

(placebo vs. ketamine vs. midazolam; n = 24–28 sessions per condition). The HCP-EP dataset124 

served as the clinical application case, comprising 151 subjects across 4 acquisition sites (n = 96 

early psychosis, n = 55 controls). 

Resting-state fMRI processing 

Full preprocessing details are provided in the Supplementary Methods. Briefly. the HCP-

YA and HCP-EP datasets were obtained in “minimally preprocessed” format as generated by the 

HCP-pipeline67,125; all remaining datasets (except MPH, for which connectomes were provided 

directly24) were preprocessed using FreeSurfer and fMRIprep. All data was registered to the fsLR 

surface space (91k density). Except for MPH, postprocessing and connectome extraction was per-

formed with XCP-D, applying a 36-parameter nuisance regression strategy with despiking and 

bandpass filtering (0.01–0.08 Hz)35. Pearson FC matrices were computed between parcellated 

time-series and Fisher z-transformed. For HCP-YA and HCP-EP, connectomes were averaged 

across phase-encoding directions within each run.  

MEG processing 

 Source-reconstructed and parcellated resting-state MEG connectomes were provided by 

Shafiei et al.30; the processing was described in detail in the cited paper. Preprocessing and con-

nectome extraction followed Brainstorm126 recommendations and included cleaning of the sensor-

level data, reconstruction of source-level data on the individual fsLR surfaces, parcellation of the 

vertex-level time series, and connectome calculation using amplitude envelope correlation127 at 6 

canonical electrophysiological bands (delta: 2–4 Hz, theta: 5–7 Hz, alpha: 8–12 Hz, beta: 15–29 

Hz, low gamma: 30–59 Hz, and high gamma: 60–90 Hz). As we were interested in the shared 

signal across regions, we did not perform signal orthogonalization, preserving the original network 
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topology. We test for statistical significance with spatial null models of the reference atlases while 

the individual input connectomes remain unchanged during the null runs. Therefore, any spurious 

signals that may bias the individual connectomes, e.g., arising from MEG signal leakage, will 

equally influence both observed and null runs, providing an exact control for false positives. 

Linking reference atlases to connectomes 

Implementation  

To derive the association between a parcellated atlas and an individual connectome (i.e., a 

region-to-region FC matrix), we (i) converted the reference atlas to percentiles of its own distribu-

tion, (ii) masked the connectome to keep only connections between regions that exceeded a speci-

fied reference atlas percentile, (iii) systematically repeated this for all percentiles in {0, 5, 10, …, 

95}, and (iv) calculated the average FC of the masked connectome for each percentile, resulting in 

(v) a curve showing average FC as a function of percentile threshold. Global connectivity (the 

value at the 0th percentile, i.e., average FC across all connections) was subtracted from each curve 

to account for interindividual, acquisition- and processing-related differences in global connectiv-

ity. The area under the curve (AUC), computed via the trapezoidal rule, served as the prime aggre-

gative index of the map–connectome association per individual. The inverse test (i.e., producing 

AUC– scores) was implemented by inverting each original reference atlas map around its mean, 

such that the highest-ranked regions became the lowest-ranked, and recomputing the steps lined 

out above.  

We conducted several sensitivity analyses reported at appropriate places in the main text. 

In the initial rsfMRI analyses, we evaluated the leading coefficient of a second-degree polynomial 

fitted to the FC-percentile curve as an alternative aggregate metric, focussing on the shape of the 

curve rather than on the overall effect beyond the global connectivity. In the rsfMRI discovery 

analyses, to additionally control for spatial autocorrelation, we calculated the delta between aggre-
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gate outcomes from the original and inverted tests for further evaluation only. In a sensitivity anal-

ysis to assess if observed effects on rsFC were driven by the highest-density atlas regions, we 

systematically varied the maximum percentile threshold in AUC calculation from 5 to 90 and re-

ported the lowest threshold above which significance emerged continuously. To test if the NET 

AUC+ effect was driven by possibly confounding spatial factors, we individually regressed each 

of a set of covariate maps from the NET atlas and reran the AUC+ estimation on the residuals. 

Null models 

Spatial patterns that are shared across brain-wide signals, but convey no information of 

interest, can inflate associations measures between the same signals27. Therefore, we evaluated 

each association against null models of the reference atlases, retaining spatial autocorrelation and 

interhemispheric symmetry. Null models were generated independently for parcellated cortical and 

subcortical data before conversion to percentiles. For cortical data, we employed a symmetric “spin 

test” on the fsLR spherical projection with nearest-neighbor reassignment between original and 

rotated coordinates26,128. As this process is only applicable to cortical data, null models for subcor-

tical data were generated independently using Moran Spectral Randomization129,130 based on a Eu-

clidean distance matrix. Interhemispheric symmetry was ensured through centerline-mirrored ro-

tations in the first, and a near-symmetric distance matrix in the second case. We generated 1,000 

null maps for each input reference map and recalculated NEOFC metrics with each. Exact p values 

were determined based on the resulting null distribution on individual as well as on group levels 

(group level: sample mean of observed scores vs. sample mean of null scores ).  

To compare the derived scores akin to effect sizes while respecting non-normal null distri-

butions, we calculated robust z-scores by subtracting the median of the null distribution from the 

observed statistic and dividing by the median absolute deviation scaled by 1.4826 (the consistency 

factor for a normal distribution). These z-scores were used to present NEOFC metrics across mul-

tiple reference atlases (i.e., Fig. 2a/b and 3b) and in all analyses that compared reference atlas 
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profiles between cohorts or modalities (e.g., Fig. 3). This procedure minimized the influence of 

unwanted spatial influences on profile-level associations in which, e.g., different levels of autocor-

relation across atlases could drive the results. Supplementary tables contain both original and z-

scored values. 

Multiple comparison correction 

We empirically adjusted for alpha-error accumulation within sets of tests within each anal-

ysis by calculating the effective number of tests (Meff) based on eigenvalues of the Pearson corre-

lation matrix of the input data to each analysis131. We then used the estimated factor to correct p 

values with Šidák’s correction as: pMeff = 1 – (1 – p)Meff. This approach was applied to each analysis 

as described in the respective sections. 

Positive-control and discovery analysis 

The NEOFC framework was first applied to the 12 resting-state network probability maps 

as a positive control, and subsequently to the full PET atlas database as the primary discovery 

analysis, both in the HCP-YA rsfMRI sample and separately per run. For each analysis, group- and 

individual-level NEOFC scores and associated p values were derived from the null distributions as 

described above. To correct for the effective number of simultaneous tests, the Meff was computed 

from the Pearson intercorrelation matrix of the respective atlas set (resting-state networks or PET) 

separately for each tested parcellation and applied to group-level p values for both AUC+ and 

AUC−. Individual-level significance was assessed at uncorrected p < 0.05; the proportion of sub-

jects exceeding this threshold was reported to characterize the consistency of effects across indi-

viduals. We reported results for the first rsfMRI run in the results section (all data in supplementary 

tables). 
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Test-retest analysis 

Test-retest reliability of individual-level NEOFC scores was evaluated using the two avail-

able rsfMRI runs from the HCP-YA dataset, acquired approximately one day apart. For each ref-

erence atlas and each combination of parcellation, NEOFC metric, and testing direction (e.g., 

AUC+ vs. AUC–), the intraclass correlation coefficient ICC(2,k) (two-way random effects model, 

average measures, absolute agreement) was calculated using pingouin. As a complementary meas-

ure of within-subject variability, the within-subject coefficient of variation (WCV) was computed 

as the root mean square of individual coefficients of variation across runs. Statistical significance 

of the WCV was assessed against a permutation null distribution (n = 1,000) generated by randomly 

exchanging session labels within subjects. 

Reproducibility analysis and p value meta-analysis 

Reproducibility of the group mean AUC profiles across independent samples was assessed 

in two complementary ways; AUC profiles of HCP-YA and YRSP samples were averaged across 

runs before analyses. First, pairwise Spearman correlations between the group-mean profiles (ro-

bust z-scores) across the PET reference atlases were computed for all dataset pairs. Profile repro-

ducibility was additionally summarized as an intraclass correlation coefficient ICC(3,1), treating 

reference atlases as targets and datasets as raters, separately for AUC+ and AUC−. Second, to 

increase statistical power to detect weaker effects, a meta-analysis was performed across the six 

independent fMRI datasets using Stouffer's method132, with sample sizes as weights. The Meff for 

multiple comparison correction was calculated from the reference atlases as described above and 

applied to the combined p values. 
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fMRI-MEG associations 

Cross-modal associations across NEOFC profiles 

Cross-modal profile associations were assessed in the subset of subjects with both quality-

controlled rsfMRI and MEG data available (n = 29; rsfMRI data averaged across runs). We calcu-

lated Spearman correlations between rsfMRI and MEG AUC profiles (robust z-scores) across all 

PET reference atlases on two levels: individually for every of 29 subjects, and on the group-level 

for the mean AUC (rsfMRI averaged across runs). 

Cross-modal associations per reference atlas across subjects 

Cross-modal associations per reference atlas were assessed by computing, for each PET 

reference atlas and each MEG frequency band separately, the Spearman correlation between indi-

vidual rsfMRI (run-averaged) and MEG AUC scores across subjects.  

Brain-regional influence estimation 

To identify brain regions and connections most influential to the aggregate NEOFC scores, 

we performed two complementary leave-one-out analyses. We focused on the main whole-brain 

parcellation (Schaefer-200 with subcortical parcels) to enable simultaneous inference on both 

structures. First, in a leave-one-region-out analysis, the AUC was recomputed after excluding all 

connections involving a given region. Second, in a leave-one-connection-out analysis, individual 

connections were excluded for a given region. In both cases, the importance score was defined as 

the difference between the full AUC and the leave-one-out AUC, averaged across subjects. Anal-

yses were conducted separately for AUC+ and AUC−. In supplementary figures, we additionally 

show the spatial correlation pattern between leave-one-region-out maps and the original atlases 

after conversion to percentiles. 

Physiological associations 

Details on physiological data processing are provided in the Supplementary Methods. Pupil 

area time series (YRSP, pre-downsampled to 1 Hz) were provided minimally preprocessed and 
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further cleaned using amplitude and velocity filtering133. Multiple arousal indices were derived: the 

pupil unrest index (PUI; root mean squared of first-differences)134,135 and power in different fre-

quency bands defined by Rizzuto et al.136. Photoplethysmography signals (HCP-YA, 400 Hz) were 

processed with NeuroKit2 (Elgendi method) to extract RMSSD137 and MadNN, averaged across 

phase-encoding directions within runs. Sessions were excluded if the NeuroKit2 quality index fell 

below a data-driven threshold or HRV exceeded 150 ms.  

Associations between NET AUC+ and physiological measures were tested using linear 

mixed models (LMMs) with a random intercept per subject to account for repeated observations 

across runs. Both the NEOFC scores and the physiological variable were z-standardized prior to 

modeling. For HCP-YA, covariates included mean FD, sex, age, BMI, and global connectivity; for 

YRSP, mean FD and global connectivity (demographics not available). Models were fitted via 

maximum likelihood using the Powell optimizer separately for the two physiological outcomes per 

dataset and per parcellation. 

Pharmacological challenges 

Drug effects on NEOFC scores were assessed using LMMs with a random intercept per 

subject, fitted via maximum likelihood with the Powell optimizer separately for each reference 

atlas, AUC+ and AUC– scores, and parcellation. Treatment effects were evaluated using Wald Chi² 

tests. Mean FD and global connectivity were generally included as covariates to account for poten-

tial drug-induced differences in motion and general FC strengths. Multiple testing correction was 

applied across reference atlases per analysis set, with Meff estimated from the Pearson intercorre-

lation matrix of individual-level AUC scores within each drug sample. All NEOFC scores and 

continuous covariates were z-standardized prior to modeling. 

For MPH (2-level: placebo/MPH) and risperidone (3-level: placebo/low dose/high dose), 

we evaluated the main effect of treatment. For MPH, only cortical data and no FD information was 

available. For ketamine and midazolam, each analyzed separately in a 2×2 within-subjects factorial 
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design (treatment: placebo/drug × session: pre/post-infusion), we focused on the treatment × ses-

sion interaction. A joint 3×2 model (placebo/ketamine/midazolam × session) was additionally fit-

ted to directly compare the two compounds. 

Clinical comparison 

Prior to group comparisons, AUC scores were harmonized across the 4 acquisition sites 

using ComBat as implemented in neuroHarmonize76,138,139. Harmonization was performed sepa-

rately for each parcellation and testing direction, retaining sex, age, mean FD, and global connec-

tivity as biological covariates. The harmonization model was learned on controls and subsequently 

applied to patients. 

Group differences in NEOFC scores between patients and controls were tested using type 

II analyses of covariance with Tukey HSD post hoc tests separately per reference atlas, testing 

direction, and parcellation. All NEOFC scores and continuous covariates were z-standardized prior 

to modeling. Covariates included sex, age, mean FD, global connectivity, and current antipsychotic 

drug intake in chlorpromazine equivalents. The Meff was estimated from the intercorrelation of 

individual-level AUC scores across reference atlases within each analysis set. Three sub-analyses 

were conducted: (i) restricting the patient group to currently unmedicated subjects vs. controls (no 

drug intake covariate); (ii) comparing controls, currently medicated, and currently unmedicated 

patients; and (iii) comparing controls, lifetime medicated, and lifetime unmedicated patients. 

Association analyses were calculated in the psychosis group only and between NEOFC 

scores and six clinical and cognitive outcomes: PANSS total, positive, and negative subscales, 

current antipsychotics dose and duration of exposure, and the NIH cognitive composite score. For 

non-antipsychotics outcomes, Spearman correlation and partial Spearman correlation were com-

puted in parallel, adjusting for sex, age, mean FD, global connectivity, and current antipsychotics 
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dose. Correlations with antipsychotics outcomes were calculated without the antipsychotics covari-

ate and while excluding subjects with zero exposure. The Meff was estimated accordingly as the 

product of the effective number of reference atlases and the effective number of outcomes. 
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Data and code availability 

All reference atlases used in this study are distributed as part of the NiSpace toolbox 

(https://github.com/leondlotter/nispace). HCP-YA resting-state fMRI data are available through 

the HCP data portal (https://db.humanconnectome.org). The HCP-EP data are available via the 

NDA data portal (https://nda.nih.gov/edit_collection.html?id=2914). Both are subject to data use 

agreements. Resting-state fMRI and pupillometry data from the YRSP dataset are publicly availa-

ble via OpenNeuro (https://openneuro.org/datasets/ds003673/versions/2.0.1). The pharmacologi-

cal datasets are available from the respective principal investigators upon reasonable request. Indi-

vidual-level data cannot be shared publicly due to data governance restrictions of the source da-

tasets. 

The NEOFC framework is implemented in the open-source mapconn Python toolbox, 

available at https://github.com/leondlotter/mapconn (DOI: 10.5281/zenodo.19859027). All 

analysis code and sharable (including all group-level) data are available in the GitHub repository 

associated with this publication; https://github.com/leondlotter/neofc (DOI: 

10.5281/zenodo.19858671). Note that full reproduction of all reported analyses requires access to 

restricted datasets and is therefore largely not directly possible from the shared code alone. All data 

can be shared upon proof of data access rights to the corresponding authors. 
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