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Supplementary Results 1 

Comparing the accuracy of nuclei-specific and whole-amygdala predictions  2 

We tested whether parcellating the amygdala into subnuclei increased the accuracy of 3 

predictions of mental health dimensions. We repeated the robust regressions for the 4 

amygdala as a whole, i.e., using functional connectivity between the entire amygdala and the 5 

same set of 28 ROIs. As reported in the main text, the robust regression weights of all 28 6 

edges derived from the 3T participants were applied to the 7T participants to obtain out-of-7 

sample predictions. This produced significant predictions of negative emotions (one-sided 8 

Pearson’s r(95)=0.2, p=0.026, CI=[0,.38]) and anger (Pearson’s r(95)=0.18, p=0.037, CI=[-9 

.01,.37]; Fig6A). However, predictions for all four behavioural dimensions were worse when 10 

considering whole-amygdala rather than nuclei-specific amygdala functional connectivity 11 

(LifeSat: nuclei: r=0.19, whole: r=0.17; NegEmot: nuclei: r=0.22, whole: r=0.20; Sleep: nuclei: 12 

r=0.05, whole: r=-0.09; Anger: nuclei: r=0.22, whole: r=0.18; compare Figs 4E and 6A). We 13 

note that – while the nuclei-specific predictions include seven times as many predictors as 14 

used in the whole amygdala control – the whole amygdala is made up of the exact same voxels 15 

as the seven nuclei together. If the subdivisions of our parcellation are not meaningful or if 16 

the fMRI signal in individual nuclei and therefore the derived functional connectivity values 17 

for individual nuclei are not robust, then separation into smaller subsets of voxels should 18 

merely increase the noise in our predictions. Alternatively, if there is value in considering 19 

amygdala nuclei separately, then using functional connectivity values from each nucleus 20 

might increase our prediction accuracy for predicting mental health dimensions. 21 

Nevertheless, to account for the number of predictors, we generated separate null 22 

distributions for the nuclei- and whole-amygdala versions to obtain directly comparable p-23 

values (Methods). This slightly changed the precise p-values, but led to the same conclusions, 24 

suggesting negative emotions and anger could be predicted significantly (in relation to this 25 

this null distribution: p=0.026 and p=0.038, respectively). However, most importantly, the 26 

predictions of all four mental health dimensions still significantly benefited from considering 27 

the functional connectivity of separate amygdala nuclei as opposed to the amygdala as a 28 

whole (comparable p-values relative to appropriate null distribution from one-sided test 29 

assessing a positive relationship: LifeSat: nuclei: p=0.034, whole: p=0.051; NegEmot: nuclei: 30 

p=0.016, whole: p=0.026; Sleep: nuclei: p=0.310, whole: p=0.807; Anger: nuclei: p=0.015, 31 
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whole: p=0.038; Fig 6B). The same conclusion was reached when comparing the peak 32 

accuracy instead of the prediction achieved with the full set of edges (Extended Data Fig 9A). 33 

Peak accuracy using whole-amygdala edges occurred at n=16, 12, 3 and 9 for the four 34 

behavioural dimensions and fingerprints and scatterplots are shown for the earliest 35 

significant peak (Fig 6C,D) and global peak (Extended Data Fig 9B) for comparison with the 36 

nuclei version. However, even at the peak, prediction accuracies from whole-amygdala 37 

functional connectivity were worse than those achieved using nuclei-specific predictions 38 

reported above (correlation coefficients for whole-amygdala functional connectivity at the 39 

peak: r=0.185, 0.202, 0.127, 0.198; Extended Data Fig 9). Thus, despite their small size, 40 

considering the functional connectivity of individual subcortical nuclei benefitted predictions 41 

of mental health dimensions.  42 

 43 

Supplementary Discussion 44 

There is evidence that resting-state correlations reflect anatomical connectivity1. 45 

However, it is worth noting that, while rs-fMRI was used as a proxy for anatomical 46 

connectivity here, the patterns in resting-state functional connectivity we identify do not 47 

necessarily correspond to monosynaptic connections. Monosynaptic connections might 48 

dominate the positive functional connectivity values in Figure 2B which illustrates the mean 49 

functional connectivity of the amygdala nuclei with other ROIs. However, the negative 50 

functional connectivity observed between dlPFC regions and the amygdala likely reflects an 51 

indirect interaction mediated by another brain region given limited direct connections 52 

between the homologue of this region and the amygdala in macaques. Similarly, it is possible 53 

that the relations we identified between functional connectivity and mental health indices 54 

(Figures 4-6) may rely on a multi-component connection pathway or may involve connections 55 

between two amygdala nuclei.  56 

We used an identical amygdala parcellation for all participants. This parcellation was 57 

based on our initial group dataset but could be replicated in additional 3T and 7T cohorts 58 

(Extended Data Fig 4). The amygdala is a relatively more preserved structure than cortex. 59 

There is individual variation in the presence, position, and organizational patterning of sulci 60 

and gyri in the cortex 2,3 but individual variability in amygdala nuclei has not been 61 

documented. Similarly, there is no evidence for major interindividual variation in other 62 
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subcortical nuclei, for example in the brainstem. Nevertheless, examining whether the shape 63 

or location of amygdala nuclei or other brain regions might systematically relate to mental 64 

health markers is an interesting avenue for future work. There is evidence for atypical 65 

neurodevelopment linked to transdiagnostic markers 4 and resting-state connectivity at rest 66 

(taken as a proxy for long-range brain connections) can predict the shape of task-related 67 

activations 5. If the location or shape of a given nucleus or region of interest varies with a 68 

persons’ mental health, then using a group mask which captures a given participant’s true 69 

region more or less well could contribute to the effects we report. Investigating this question 70 

will require future work to examine individual parcellations which was not attempted here. 71 

 72 

 73 

Supplementary Methods 74 

Participant selection 75 

As described in the main text, participants were selected based on two criteria: the quality of 76 

the physiological variables acquired and their total DSM/ASR scores. The DSM/ASR scores 77 

were not used in any of the key analyses. Working on a subset of all 1206 HCP participants 78 

was necessary because one key aspect of the pre-processing was to correct rs-fMRI data for 79 

physiological noise, which particularly affects the key regions of this study such as the 80 

amygdala and brainstem. However, the quality of physiological data that has been acquired 81 

varies substantially across HCP participants. For example, only n=764 out of 1206 3T-HCP 82 

participants have recordings of physiological noise regressors for all four resting-state runs, 83 

and only n=636 have complete resting-state data, physiological recordings and behavioural 84 

scores (required for factor analysis, see below). A second dataset of the same size as the first 85 

(n=200) was selected for replication from the remaining n=436 3T-participants with complete 86 

data. It was not possible to match the variance in DSM/ASR scores to the first dataset and 87 

participants did not have quite as high-quality physiological noise recordings, but we still 88 

prioritized inclusion of participants at the upper and lower ends of the distribution of DSM 89 

scores (resulting DSM mean/variance in n=200: 3.96, 10.71; ASR mean/variance: 35.72, 90 

481.67) and those with the largest number of runs with high-quality physiological noise 91 

recordings (severe problems in a maximum of 3 out of 8 = 4 cardiac + 4 respiratory traces). 92 

The resulting demographics in this second dataset of n=200 3T participants were mean age 93 
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28 ± .28; age range 22-36; 99 females, 101 males. A third dataset contained all 7T-HCP young 94 

adult participants not already included in either of the 3T datasets and with full resting-state 95 

and behavioural data, which left us with n=98 7T-HCP participants (mean age 29 ± .33; age 96 

range 23-36; 59 females, 39 males; DSM mean/variance: 3.43, 5.73; ASR mean/variance: 97 

31.79, 253.43; Supplementary Table 3). Physiological noise recordings are not available in the 98 

7T data, but the higher field strength significantly improves the tSNR in subcortical regions.  99 

 100 

Validation of additional preprocessing 101 

Additional pre-processing focussed on removal of physiological artefacts and led to gains in 102 

the temporal signal-to-noise ratio (tSNR) in amygdala and many of its projection targets and 103 

sources, e.g., medial temporal lobe areas, subgenual prefrontal cortex, and most prominently 104 

subcortical and brainstem structures (see Methods and Extended Data Fig 1, B-C). This 105 

pattern of tSNR changes is in line with prior work that shows physiological noise particularly 106 

affects brainstem and other subcortical regions because of their proximity to major vessels 107 

and pulsating fluid-filled spaces6. 108 

It is not possible to fully validate the additional pre-processing step for physiological 109 

noise correction without knowledge of the ground truth, which is not available in resting-110 

state data. However, there is good reason to believe that our additional pre-processing 111 

helped recover meaningful signal in our data. First, because it resulted in tSNR changes in 112 

regions known to be most affected by pulsation artefacts (Extended Data Fig 1B), consistent 113 

with prior work. Second, because it improved a parcellation of the amygdala in two subsets 114 

of n=200 participants corrected for physiological noise, compared to the full dataset of all 115 

n=1206 3T-HCP participants not corrected for physiological noise artefacts (see below); the 116 

parcellation was solely evaluated based on known anatomical criteria (contiguous clusters; 117 

symmetry across hemispheres; similarity to post-mortem work).  118 

 119 

Further details on MIGP for group connectome 120 

MIGP is a computationally tractable method to approximate the group average time 121 

series using group-level PCA7. The two parameters specifying (a) the number of data-points 122 

kept on-line during the iterative computation of the average and (b) the cut-off describing the 123 
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number of principal components kept at the end were both set to 4800, corresponding to the 124 

number of data points in each individual’s file. 125 

 126 

Choosing the clustering depth 127 

To evaluate the number of clusters, or in other words, the appropriate depth of the 128 

hierarchical clustering, we aimed for a balance between simplicity and detail, as well as 129 

anatomical plausibility. We carefully compared the location and size of the clusters obtained 130 

at increasing levels of depths to known anatomical subdivisions of the amygdala 8–11. Given 131 

post-mortem work in humans and a large body of work in animals, we expected an 132 

anatomically plausible cluster solution to show good symmetry across hemispheres, i.e., to 133 

contain corresponding clusters across left and right hemispheres, and to involve spatially 134 

contiguous clusters. Another focus was on detail: for instance, it has been suggested that the 135 

two largest amygdala nuclei, basal and lateral nuclei, can be further split into several 136 

subdivisions 10. We were also keen to identify the small central nucleus in both hemispheres, 137 

given its importance for connecting the amygdala to brainstem regions. The central nucleus 138 

split off at depth 10 and 12 of the hierarchical clustering algorithm in the left and right 139 

hemisphere respectively, at which point both hemispheres contained 7 clusters (AB/BM and 140 

CoN were still connected across hemispheres, so there were five uniquely left clusters, five 141 

uniquely right clusters and two clusters that contained both hemispheres, and thus depth 12). 142 

This clustering solution was also symmetrical across hemispheres. At the next depths from 143 

13-15, AB/BM split between L and R hemispheres and the ventral part of the lateral nucleus 144 

split into two halves first in the right hemisphere and then in the left hemisphere. This was 145 

more detail than we would have anticipated or required for interpretation of further analyses. 146 

Throughout the results, we therefore focussed on the depth 12 cluster solution, which when 147 

merging corresponding clusters in both hemispheres yielded seven final clusters (Figs 1B and 148 

2A). Other shallower and deeper clustering depths are shown in Extended Data Fig 3. 149 

 150 

Replication of amygdala parcellation 151 

Following the procedure described for the original sample of n=200 in the main text, 152 

we closely replicated the amygdala parcellation in two additional datasets (3T: n=200; 7T: 153 

n=98; Extended Data Fig 4A). However, a parcellation using the data from all n=1200 3T-HCP 154 
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participants, which had not been corrected for physiological noise, showed less symmetry 155 

and anatomical plausibility despite relying on more data.  We used the parcellation generated 156 

from the first 3T dataset for all further analyses. We also quantified the similarity between 157 

the original and the two replication parcellations using two metrics: (a) the mean distance 158 

between cluster centroids and (b) the percentage overlap between parcellations (i.e., 159 

percentage of voxels with the same label). The overlap between the original parcellation and 160 

the 3T replication was 68% and the overlap between the original parcellation and the 7T 161 

replication was 54%. For further details and statistical analysis, see Extended Data Fig 4B,C). 162 

 163 

Naming of clusters 164 

The labelling of clusters was largely based on the Atlas of the Human Brain 10 and a post-165 

mortem parcellation at 7T with 100-150um resolution 11. Similarities between our labelling 166 

and the labels of those two atlases as well as two common nomenclatures used in non-human 167 

primates are shown in Supplementary Table 2.  Supplementary Table 1 also summarizes the 168 

size of all clusters. The most dorsal, posterior and lateral nucleus (dark blue in Figs 1B and 2A) 169 

which was also the smallest in size (62 voxels across both hemispheres) perfectly matched in 170 

its size and position the central amygdaloid nucleus and was therefore labelled Ce. Judging 171 

from its position and size, it contained both medial and lateral divisions of the central nucleus 172 

(CeM and CeL) 10. However, it is less clear whether it also contained the medial amygdaloid 173 

nucleus. The medial amygdaloid nucleus might have been part of this ‘Ce’ cluster or the 174 

adjacent cluster (middle blue in Figs 1B and 2A) which was positioned in a dorsal, posterior 175 

and medial location where the cortical amygdaloid nuclei are located (e.g. PCo=posterior 176 

cortical; ACoV and ACoD = anterior cortical, ventral & dorsal parts 10; also referred to as CAT 177 

= cortico-amygdaloid transition area e.g. in 11). We therefore labelled this adjacent cluster 178 

CoN, as an agglomeration of the cortical nuclei of the amygdala. It contained altogether 133 179 

voxels across left and right hemispheres, and possibly comprised cortical nuclei as well as the 180 

medial nucleus. Ventral and anterior to the Ce and CoN nuclei, in a medial position within the 181 

amygdala (light blue in Figs 1B and 2A), we identified a portion of the basal amygdala which 182 

very likely contained Mai et al.’s ventral and dorsal basomedial (BMVM and BMDM), and 183 

probably also its basolateral intermediate and dorsal subdivision (BLI, BLD), and thus the 184 

majority of basomedial and basolateral aspects of the basal nucleus. We therefore refer to it 185 
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simply as the basal nucleus B. It contained 74 voxels across hemispheres and was adjacent to 186 

a slightly more medial subdivision of the basal nucleus which we refer to as auxiliary 187 

basal/basomedial (AB/BM, green in Figs 1B and 2A) and which contained 104 voxels across 188 

hemispheres. This cluster, AB/BM, based on its size and location, would have contained the 189 

ventromedial part of the basolateral nucleus (BLVM) as well as paralaminar subdivision of the 190 

basal nucleus (BLPL) in 10 and closely corresponded to what Saygin and colleagues 11 label AB 191 

as well. The remaining three clusters made up the lateral nucleus of the amygdala, namely its 192 

dorsal, intermediate and ventral portion (LaD, LaI, LaV, respectively, in red, yellow and dark 193 

red in Figs 1B and 2A). These clusters contained 84, 86 and 104 voxels, respectively. Because 194 

the ventral part LaV extended more medially, it likely contained parts or all of the basolateral 195 

intermediate (BLI) nucleus (or Ba/PL in 11) and is therefore referred to as LaV/BL. Overall, 196 

there was good correspondence between the position and labelling of our nuclei, and those 197 

reported in 8–11 (Supplementary Table 2). 198 

 199 

ROI selection 200 

We had several a priori regions of interest which were informed by prior work, including 201 

anatomical work using tracers in macaque monkeys as well as work in humans with mental 202 

health disorders. Our ROI selection was thus entirely hypothesis-driven and followed two key 203 

criteria: (1) knowledge about a region’s mono- or disynaptic connectivity with the amygdala 204 

and (2) knowledge about a region’s importance in mental health/mood disorders. Most of 205 

our ROIs fulfilled both criteria. The majority of the ROIs we included are known to have 206 

monosynaptic connections with the amygdala (or in the case of some brainstem and dlPFC 207 

regions, di-synaptic connections that are made via the hypothalamus or medial PFC, 208 

respectively), and most regions with strong amygdala connectivity were included. We left out 209 

some regions with monosynaptic connections to the amygdala – for example anterior 210 

temporal lobe regions – because we did not have strong reasons to believe they were relevant 211 

for the mental health-related behaviours of interest in this study. Other notable omissions 212 

are the hypothalamus and hippocampus which we would have needed to parcellate and 213 

which it would not have made sense to include as whole structures.  All our ROIs are 214 

illustrated in Fig 2C and will be motivated one by one below. For an overview, all ROIs with 215 
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their respective sizes are listed in Supplementary Table 1. ROI selection was performed prior 216 

to and independent of subsequent analyses focusing on individual differences. 217 

We included aspects of dlPFC despite it not having strong monosynaptic connections 218 

with the amygdala in monkeys, because of work involving neurostimulation to dlPFC, most 219 

commonly repetitive transcranial magnetic stimulation (rTMS), which has been shown to 220 

alleviate symptoms of mental health disorders, particularly depression 12–14 and because it 221 

has been implicated in the regulation of amygdala responses to threat 15. The location of 222 

stimulation over dlPFC can be variable across studies but is most common over areas 9/46 223 

and 46 and particularly effective when strong connectivity with dlPFC and area 25 is observed 224 
16. We therefore included all sub-clusters of areas 46 and 9/46 reported in HCP’s multi-model 225 

parcellation version 1.0 which included 46 (316 vertices), 9-46d (379 vertices), a9-46v (147 226 

vertices), and p9-46v (214 vertices).  227 

On the medial and orbital surface, amygdala connectivity gradually changes along an 228 

anterior-posterior axis, with strongest connectivity posteriorly closest to the corpus callosum 229 
17,18. This also mimics the transition between agranular and dysgranular/granular cortex, and 230 

unimodal to transmodal connectivity 19,20. We included all agranular regions in the medial and 231 

orbital prefrontal cortex; all the likely homologues of these areas have strong monosynaptic 232 

connectivity with the amygdala in monkeys. This included areas 32, 25, 24 and the most 233 

posterior part of OFC. We also included granular area 9m, adjacent do area 32 in medial 234 

frontal cortex, and frontal operculum, which has also been highlighted in tracer studies for its 235 

connections with the amygdala. As above, we took the parcels obtained from HCP’s multi-236 

model parcellation version 1.0 21 which are labelled areas 25 (54 vertices), a24 (89 vertices), 237 

p24 (66 vertices), a24pr (75 vertices), s32 (55 vertices), p32 (122 vertices), d32 (147 vertices), 238 

a32pr (163 vertices), p32pr (190 vertices), 9m (408 vertices) and pOFC (83 vertices). Frontal 239 

operculum contains FOP1-FOP5 (with 61, 101, 83, 240 and 193 voxels, respectively). Apart 240 

from their strong connectivity with the amygdala many of these regions have indeed been 241 

implicated in mood disorders and social cognition. For example, PET work shows abnormal 242 

metabolism in subgenual PFC, including area 25, ventral 24 and possibly 32 in depression22, 243 

deep brain stimulation in subgenual regions or adjacent white matter fibres can alleviate 244 

symptoms of depression 23–25, and negative biases in decision-making can be induced by 245 

stimulating pregenual cortex (rostral area 24 and dorsal area 32; 26). In addition, several 246 
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studies have also highlighted the importance of peri-/pregenual cortex in social cognition 27,28. 247 

In summary, we included four cortical regions on the lateral, 10 cortical regions on the medial, 248 

one cortical region on the orbital surface, and five frontal opercular regions, and thus a total 249 

of 20 cortical ROIs. 250 

Subcortically, our major focus was on the key nuclei associated with different 251 

neurotransmitter systems because of their importance for mental well-being. We included 252 

the substantia nigra (SN), which contains many dopaminergic neurons and the nucleus 253 

accumbens (NAc), an area receiving strong dopaminergic innervation 29. DA has been 254 

implicated in mental health disorders; for example, Parkinson’s disease, which is 255 

characterized by a loss of DA neurons in SN, leads to depression in a large percentage of 256 

patients (~35%; 30). But DA also plays a key role in reward-learning and sleep regulation. 257 

Striatal dysfunction has, for instance, been associated with sleep disturbances and a subset 258 

of NAc core neurons was found to regulate slow-wave sleep 31,32. The SN mask was taken from 259 

the NITRC Atlas of the basal ganglia 33 and contained 134 voxels. The NAc was taken from the 260 

Harvard Subcortical Atlas and contained 188 voxels. 261 

The bed nucleus of the stria terminalis (BNST) was included because of its role in 262 

mediating the long-term effects of anxiety and responses to stress 34. It is also sometimes 263 

considered part of the extended amygdala. The BNST mask was obtained from 35 and 264 

contained 45 voxels. 265 

Two regions with opposing functionality within the periaqueductal grey (PAG) were 266 

included because of their importance in regulating autonomic arousal: ventrolateral PAG 267 

(vlPAG) which mediates rest- and digest-related behaviour and dorsal PAG (dPAG) which 268 

mediates fight and flight responses. The masks for these regions were taken from 36. The 269 

dPAG was the summation of Faull et al.’s dorsomedial (dm) and dorsolateral (dl) aspects of 270 

PAG; vlPAG contained 43 voxels and dPAG 45 voxels. 271 

The role of serotonin and of selective serotonin reuptake inhibitors (SSRI) in the 272 

pathology and treatment of mental health disorders is well known. The raphe nuclei are the 273 

most important source of serotonin in the brain. Masks for dorsal and median raphe nuclei 274 

were taken from the Harvard Ascending Arousal Network Atlas 37. The dorsal raphe nucleus 275 

(RN_DR) contained 23 voxels, and the median raphe nucleus (RN_MR) contained 8 voxels. 276 

Finally, locus coeruleus (LC), the main site of noradrenaline production was defined based on 277 



11 
 

38 and contained 20 voxels. Probabilistic masks were binarized first, including all voxels with 278 

probability >.25, in other words, voxels that had a larger than 25% chance of being within the 279 

given region (NAc, SN). Binary files and all masks we received in binary format (BNST, PAG, 280 

LC, RN) were subsampled to 2mm. While most regions were then simply binarized again using 281 

any voxels >.25 in subsampled space, we carefully and visually inspected all subcortical ROIs 282 

individually at 2mm to try and achieve the best tracing of their shape, volume and position 283 

when compared with a higher-resolution versions from published atlases. However, this 284 

meant that we did not apply the exact same threshold for each ROI; we deviated from our 285 

standardized procedure in three cases to improve the masks: nucleus accumbens, dorsal and 286 

median raphe. In these three cases, slightly different thresholds provided more anatomically 287 

plausible ROIs.  NAc thresholded at .25 would have yielded an unusually large ROI, so a 288 

threshold of >.35 was applied in the second step; for the raphe nuclei, thresholds were 289 

adjusted manually to maximise anatomical plausibility (>.6 and >.69N for dorsal and median, 290 

respectively). Similarly, in some cases, a few voxels were added or removed manually from 291 

the ROI to achieve better tracing of the original higher resolution mask. Importantly, all of 292 

these mask optimization steps were performed based on anatomical criteria and prior to any 293 

subsequent analyses. All ROIs are shown in Figure 2C and published as part of the OSF 294 

repository https://doi.org/10.17605/OSF.IO/EGM2R. 295 

 296 

Included behavioural scores 297 

We included 33 behaviours composed of  298 

(1) Measures from the NIH Toolbox Emotion Battery (www.nihtoolbox.org) 39,40(total: 299 

17); each item was administered on a 5-point scale with options ranging from “not 300 

at all” to “very much”. In all cases a-d below, scores <40 are considered low and 301 

scores >60 are considered high. 302 

a. Six measures from the Negative Affect toolbox (Anger Affect: obtained 303 

using computer-adaptive testing (CAT), Anger Hostility: obtained from a 304 

questionnaire with 5 items, Anger Aggression: also 5 items, Fear Affect: 305 

CAT, Fear Somatic: 6 items, Sadness: CAT);  306 

b. Three measures from the Psychological Well-Being toolbox (Life 307 

Satisfaction, Mean Purpose, Positive Affect) – all obtained using CAT  308 
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c. Six measures from the Social Relationships toolbox (Friendship, Loneliness, 309 

Perceived Hostility, Perceived Rejection, Emotional Support, Instrumental 310 

Support); loneliness obtained from a questionnaire containing 5 items, all 311 

others from questionnaires containing 8 items. 312 

d. Two measures from the Stress and Self Efficacy toolbox (Perceived Stress: 313 

10 items, Self-Efficacy: CAT) 314 

(2) Measures from the Pittsburgh Sleep Questionnaire 41 (total 9) composed of 315 

minutes to fall asleep (past month); hours of sleep per night (past month); sleep 316 

trouble: can’t go to sleep within 30 minutes; sleep trouble: wake-up in middle of 317 

night or early morning; sleep trouble: had bad dreams; overall sleep quality; how 318 

often taken sleep medicine; how often trouble staying awake during the day; how 319 

often trouble keeping up enthusiasm during the day. All of these were rated on a 320 

scale from 0-9.  321 

(3) Measures from the five-factor model 42 a) neuroticism; b) 322 

extroversion/introversion; c) agreeableness; d) openness; and e) 323 

conscientiousness 43. HCP data collection administered the 60-item version of the 324 

Costa and McRae Neuroticism/Extroversion/Openness Five Factor Inventory 325 

(NEO-FFI), which has good reliability and validity  43. This measure was obtained as 326 

part of the Penn Computerized Cognitive Battery 44. 327 

(4) Measures from the Penn Emotion Recognition Test, again obtained as part of the 328 

Penn Emotion Recognition Test. During this test, participants are presented with 329 

40 faces and need to identify the emotion of the face from the five options happy, 330 

sad, angry, scared and no feeling. There are eight faces in each category. We 331 

included a) the number of Correct Anger Identifications (ER40ANG) ranging from 332 

0-8 and b) the number of Correct Fear Identifications (ER40FEAR) ranging from 0-333 

8. 334 

Justification and replication of factor analysis 335 

A factor analysis, rather than principal component analysis (PCA), is especially appropriate 336 

when the aim, as in the current study, is data reduction with maximal interpretability that is 337 

useful for establishing latent causes as opposed to data reduction into components explaining 338 

maximal variance45–48. A PCA would provide a data reduction of the behavioural scores that 339 
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aims to obtain orthogonal principal components which explain maximal variance. By contrast, 340 

rather than merely reducing the data, here we were interested in a model of the latent 341 

variables that might have generated the behavioural scores and which explains 342 

interrelationships among them, taking into account their unique and shared variance and 343 

offering maximal interpretability 45–47. A factor analysis therefore was the most appropriate 344 

choice of method. 345 

The key factor analysis used throughout the study was performed on n=200 3T 346 

participants, but the number of factors (k=4) was extracted from an initial inspection of n=100 347 

participants. Importantly, the same four factors replicated in our full first dataset of n=200 348 

3T-HCP participants and inspection of a potential fifth factor showed lack of interpretability 349 

and would have introduced a high correlation between two of the factors (r=.5; compared to 350 

highest correlation in our set of four: .35).  Moreover, the factor analysis replicated to several 351 

other datasets (Extended Data Fig 7), most importantly to the full set of all n=1206 3T HCP 352 

participants (Pearson’s correlation between factor loadings n=200 vs n=1206 3T participants: 353 

r=.94, p=1.5e-16, r=.93, p=1e-14, r=.97, p=9.6e-10, r=.9, p=1.3e-12), but also the n=400 3T 354 

and the n=98 7T participants included for neural analyses (Extended Data Fig 7). Note that a 355 

factor analysis performed after removing the two Penn Emotion Recognition scores (which 356 

did not contribute much to any of the four factors) resulted in identical factor loadings (all 357 

Pearson’s r=1; p<1e=35). 358 

 359 

Null distribution for smallest and peak prediction 360 

To establish whether (a) the size of the smallest significant network and (b) Pearson’s 361 

r at the peak prediction across all 196 models were significant, we generated two null 362 

distributions using permutation. As before, predictions of the 7T behavioural scores were 363 

based on increasing number of edges, using the order and weight of edges extracted from 364 

robust regressions on 3T participants, but this procedure was now repeated n=10,000 times 365 

using shuffled behavioural scores. For each iteration, we determined the size of the smallest 366 

network that reached significance (r>0.168) for a given behavioural dimension and averaged 367 

this number across the four behaviours to build the first null distribution (if no significant 368 

predictions were achieved for a given iteration and behaviour, we used a score of 197, i.e. the 369 

maximum number of edges plus 1). In each iteration, we also determined the maximum 370 
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Pearson’s r achieved for each behaviour and averaged these four maximum r values across 371 

behaviours to build the null distribution. This ensured in both cases that the number of tests 372 

(n=196) and the number of behavioural dimensions (n=4) was accounted for. One p-value was 373 

then extracted from each of these two null distributions.  374 

To examine if our predictions of 7T mental health dimensions benefited from using 375 

the top edges identified in the 3T data, i.e., to establish whether the order of inclusion of the 376 

edges mattered, we generated a further null distribution: we included the same number of 377 

edges (from 1 to 196), but this time they were randomly chosen from the full set of 196 rather 378 

than sorted in order of importance based on their absolute regression coefficient. This 379 

procedure was repeated 10,000 times at each step between 1 and 196. The resulting null 380 

distribution (black line in Fig5A) shows, at each step, how much adding any connection out of 381 

the original set of 196 is expected to help the prediction. We report the percentage of models 382 

out of the first 70 and all 196 where the 3T-informed order of edges produced better 383 

predictions than when edges were included in random order (i.e., the difference between the 384 

coloured bars and the black null distribution shown in Fig5A). 385 

Controlling for amygdala parcellation 386 

To show that parcellating the amygdala yielded improvements in prediction accuracy, we also 387 

repeated the regression procedure with only the connections from our ROIs to the entire 388 

amygdala instead of all individual nuclei (a total of 28 possible predictors). Again, robust 389 

regression coefficients obtained from fitting the 3T participants were applied to the 7T 390 

participants’ functional connectivity values to predict the 7T participants’ behavioural scores 391 

(Fig 6A). However, instead of using 196 FC predictors, predictions were derived from only 28 392 

FC values. Unlike in other situations, however, where a larger number of predictors is 393 

expected to perform better, here, the predictors captured the same information in both 394 

cases, namely functional connectivity with the total of all amygdala voxels. Subdividing the 395 

amygdala into smaller groups of voxels could have two potential effects: if subdivisions are 396 

meaningless or BOLD measurements in smaller sets of voxels too noisy, predictions generated 397 

from individual nuclei functional connectivity might be worse than those obtained from more 398 

robust whole-amygdala functional connectivity, despite including more predictors; 399 

alternatively, if amygdala subdivisions into nuclei are meaningful, this might increase the 400 
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prediction accuracy of the nuclei-version over and above the whole-amygdala version for 401 

predicting mental health dimensions.   402 

Nevertheless, to make predictions obtained from whole vs nuclei-specific amygdala 403 

functional connectivity more comparable, we generated null distributions in both cases. We 404 

shuffled the order of participants’ behavioural scores in both 3T and 7T datasets and repeated 405 

the above procedure of predicting 7T-behavioural scores from 3T-weights 10,000 times. The 406 

p-values extracted from the respective null distributions account for the number of 407 

predictors, allowing a direct comparison (Fig 6B). Thus, this test established if parcellating the 408 

amygdala into nuclei helped us improve the accuracy of our predictions.  409 

 410 
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Supplementary Table 1: Vertex/voxel size of a priori ROIs and amygdala nuclei 411 

 412 
ROI Size 
Subcortex Voxels 
SN 134 
NAc 188 
BNST 45 
vlPAG 43 
dPAG 45 
RN_DR 23 
RN_MR 8 
LC 20 
  
Cortex Vertices 
25 54  
a24 89  
p24 66  
a24pr 75  
s32 55  
p32 122  
d32 147  
a32pr 163  
p32pr 190  
9m 408  
pOFC 83  
FOP1 61 
FOP2 101 
FOP3 83 
FOP4 240 
FOP5 193 
46 316  
9-46d 379  
a9-47v 147  
p9-46v 214  
  
Amygdala nuclei Voxels 
Ce 62 
CoN 133 
BaL 74 
AB/BM 104 
LaI 84 
LaD 86 
LaV/BL 104 
  

  413 
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Supplementary Table 2: Correspondence of nuclei labels across different 414 
laboratories and atlases 415 

This 
study 
(human) 

Mai et al.  
(human) 

Saygin 
et al 
(human) 

Allen Brain 
Institute (34yo-
human) 

Fudge et al 
(macaque) 

Barbas et 
al 
(macaque) 

CoN PCo/ACoV/ACoD CAT/Co CoPv/CoPd PAC/Me Co 
(AAA/Me) 

Ce CeM/CeL Ce/Me CEm/CEl CeN Ce 
B BLI/BLD/BMVM/BMDM Ba BLD/BMD/BLI/BMV Bi/Bmc BL 
AB/BM BM/BLVM/BLPL AB AHA/BMV ABmc/ABpc BM 
LaD LaD (L/A/M) La LaD L La 
LaI LaI La LaI L La 
LaV/BL LaV/BLI La/Ba/PL LaV/BLVI L/Bpc La/BL 

  416 
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Supplementary Table 3, Demographics of participant cohorts 417 

 Original 
n=200 3T 

Replication 
n=200 3T 

Replication n=98 
7T 

All n=1206 

Mean age 28.95 28.28 29.42 28.84 
Standard 
error age 

0.26 0.28 0.33 0.11 

Max age 36 36 36 37 
Min age 22 22 23 22 
Number of 
females 

108 99 59 656 

Number of 
males 

92 101 39 550 

DSM - mean 4.46 3.96 3.43 4.25 
ASR mean 37.90 35.72 31.79 37.43 
DSM SD 16.64 10.70 5.73 12.24 
ASR SD 669.08 481.67 253.43 523.82 
Employment 
status * 

1.53 1.50 1.57 1.52 

Income 4.92 5.01 5.06 5.00 
Education 14.98 15.09 14.89 14.86 
Cognitive 
status 
(MMSE 
score) 

29.1 29.03 28.98 28.98 

Fluid 
intelligence 
PMAT **** 

16.56 16.76 17.45  16.65 

* not working = 0, part-time employment = 1; full-time employment = 2 418 
** Total household income: <$10,000 = 1,10K-19,999 = 2, 20K-29,999 = 3,30K-39,999 = 4, 40K-49,999 = 5, 50K-74,999 = 6, 419 
75K-99,999 = 7, >=100,000 = 8 420 
*** Years of education completed: <11 = 11; 12; 13; 14; 15; 16; 17+ = 17 421 
**** Penn Progressive Matrices: Number of Correct Responses 422 
  423 



19 
 

Supplementary Figure 1 424 

 425 
Supplementary Figure 1, Properties of 3T and 7T datasets We used the maximum 426 
number of participants from the full 3T HCP cohort for which high quality physiological 427 
noise recordings were available, and all remaining non-overlapping 7T participants. 428 
The resulting data had a better spread in behavioural dimensions in the 3T dataset 429 
(variance on the y axis, 1st row), but a better spread in functional connectivity in the 430 
7T dataset (variance on the x axis, probably due to improved signals in subcortical 431 
regions; 2nd row). Individual connections relevant for each behaviour were chosen 432 
purely for illustration of the scatterplots here.   433 
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