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63  Abstract

64  Resting-state functional connectivity (rsFC) is increasingly used to develop biomarkers
65  for psychiatric disorders. Despite progress, development of the reliable and practical FC
66  biomarker remains an unmet goal, particularly one that is clinically predictive at the
67  individual level with generalizability, robustness, and accuracy. In this study, we propose
68  anew approach to profile each connectivity from diverse perspective, encompassing not
69  only disorder-related differences but also disorder-unrelated variations attributed to
70  individual difference, within-subject across-runs, imaging protocol, and scanner factors.
71 By leveraging over 1500 runs of 10-minute resting-state data from 84 traveling-subjects

72 across 29 sites and 900 participants of the case-control study with three psychiatric
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73 disorders, the disorder-related and disorder-unrelated FC variations were estimated for
74 each individual FC. Using the FC profile information, we evaluated the effects of the
75  disorder-related and disorder-unrelated variations on the output of the multi-connectivity
76  biomarker trained with ensemble sparse classifiers and generalizable to the multicenter
77  data. Our analysis revealed hierarchical variations in individual functional connectivity,
78  ranging from within-subject across-run variations, individual differences, disease effects,
79  inter-scanner discrepancies, and protocol differences, which were drastically inverted by
80  the sparse machine-learning algorithm. We found this inversion mainly attributed to
81  suppression of both individual difference and within-subject across-runs variations
82  relative to the disorder-related difference by weighted-averaging of the selected FCs and
83  ensemble computing. This comprehensive approach will provide an analytical tool to
84  delineate future directions for developing reliable individual-level biomarkers.

85

86  Introduction

87 Mental disorders have become a serious social problem in recent years.
88  Epidemiological and economic analyses have indicated that their global impact is
89  substantial in terms of human health and social welfare'. However, current diagnostic
90  methods, which are based on self-reported symptoms or those identified during medical
91 interviews, are insufficient for treatment optimization. Biomarkers based on genes, blood
92 analyses, and neuroimaging data could overcome these limitations?.

93 Resting-state functional connectivity (rsFC) is one of the most promising approaches for
94  developing psychiatric disorder biomarkers®. This method assesses brain functional
95  network by quantifying coactivation of spontaneous fluctuations across brain regions
96  using a noninvasive brain measurement technique, usually functional magnetic resonance
97  imaging (fMRI)*°. Extensive research has highlighted the relevance of functional

10,11

98  connectivity (FC) in relation to individual characteristics®®, task activities!®!!, brain

14-16

99  states'?, anatomical structure!* and neuronal signals'*'6. Owing to its simplicity,

100  versatility, interpretability, and sensitivity to individual variations, the FC biomarker

1720 personalized treatment selection®'-?,

23-26

101 shows great promise for objective diagnosis
102 and neuromodulation target identification in psychiatry
103 Despite progress, development of the reliable and practical FC biomarker remains an
104  unmet goal, particularly one that is clinically predictive at the individual level with
105  generalizability, robustness, and accuracy®’°. Although altered functional connections
106  between patient groups and healthy controls have been identified®*3, the individual-level
107  classifications can be only achieved with the help of the machine-learning algortihms. In

108  our multicenter study, we successfully developed major depressive disorder (MDD),
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109  schizophrenia (SCZ), and autism spectrum disorder (ASD) biomarkers using ensemble

18-20 and

110  sparse classifiers, which generalized well across data from various centers
111  maintained consistent performance on new data (anterograde generalization)**. However,
112 its discrimination ability evaluated with completely independent datasets, with areas
113 under the curve of 0.74, 0.82, and 0.66—0.81 for MDD, SCZ, and ASD, respectively, may
114 not yet meet high standards.

115 Two key obstacles must be overcome to develop a reliable and practical biomarker. First,
116  there is the issue of limited dataset sizes used in machine-learning training, which is
117  problematic given patient heterogeneity. Despite recognizing the value of multicenter
118  rsFC studies for gathering large-scale data and creating biomarkers practical with real-
119 world data?®*337  there is still an incomplete comprehensive and quantitative
120 understanding of the variability in FC across multiple centers. Second, we face a
121 knowledge gap regarding how machine-learning algorithms facilitate individual
122 classification and what factors limit achieving higher accuracy.

123 This study aimed to comprehensively and quantitatively evaluate the effects of various
124 factors on FC and machine-learning—based biomarker outputs to delineate future
125  directions for developing reliable individual-level biomarkers. We leveraged data from
126  two major decade-spanning Japanese projects, the Strategic Research Program for Brain
127 Sciences (SRPBS) (2012-2018) and Brain/Minds Beyond (BMB) (2018-2024). These
128  projects have been uniquely featured for their extensive data with the collection from
129  numerous traveling-subjects (84 participants) and approximately 10,000 participants
130  including several thousand patients with diverse psychiatric and neurological disorders
131 across multiple centers®’*8, This study analyzed approximately 2,400 runs of 10-minute
132 eyes-open resting-state fMRI data from the BMB and SRPBS traveling-subject datasets,
133 as well as an SRPBS multi-disorder dataset (Fig. 1). We found hierarchical variations in
134  individual FC, ranging from run-to-run variations, individual differences, disease effects,
135  inter-scanner discrepancies, and protocol differences. The sparse machine-learning
136  algorithm proposed in our previous study' can effectively prioritize disease effects via
137  optimal selection of FCs, their weighting and ensemble averaging, and drastically
138  inverted the above order of variability factors. More specifically, we revealed three
139  distinct computational mechanisms that improve our biomarker’s signal to noise ratio
140  (disorder effect/participant related variabilities) almost 15 times. These findings render
141 our rsFC biomarkers practical for clinical applications and highlight the need to further
142  minimize individual differences and within-subject run-to-run variability to improve
143 predictive modeling.

144
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145 [Fig. 1]

146

147 Results

148  FC variation analysis in the BMB traveling-subject dataset

149 We applied a three-factor linear fixed effects model to the BMB traveling-subject dataset
150  to investigate FC variations due to participant, imaging protocol, and scanner factors and
151  unexplained residual components for each connection.

152 The magnitude distributions of the FC variations across all connections (71,631
153  connections using Glasser's Multimodal Parcellation (MMP) atlas) are presented in Fig.
154  2(a). The median values (5"-95™ percentile) for the participant, protocol, and scanner
155  factors were 0.107 (0.066-0.192), 0.016 (0.004-0.042), and 0.0259 (0.012-0.055),
156  respectively; the magnitude of the median value of the unexplained residuals was larger
157  than that of the three factors (0.160 (0.146—0.183)). The distribution for the the participant
158  factor (individual differences) was broad, whereas the distributions for the protocol,
159  scanner, and residual factors were narrower.

160  To elucidate the origin of the FC variation attributed to unexplained residuals, we
161  investigated associations between it and within-subject across-run variations on the basis
162 of connectivity pattern similarity (i.e., the rank correlation between residual and within-
163  subject FC variation patterns). We observed a strong association between the residual and
164  within-subject FC variations (correlation coefficient: 0.71) (Fig. 2(b)). The median
165 magnitude of the within-subject FC variation was slightly smaller than that of the
166  residuals (0.138 vs 0.160, respectively), suggesting another unknown factor was
167  contributing to the residual components (Fig. 2(a)). This strong association (rank
168  correlation=0.57) was observed even when the data used to calculate the residual
169  component (595 runs, 42 participants) and within-subject (201 runs, 31 participants)
170  variations were completely separated (Supplementary Fig. 1), indicating a substantial
171  portion of the residual component effects could be accounted for by the within-subject
172 FC variation.

173 Subsequently, we examined brain regions and networks affected by each factor,
174  generating maps of the FC variations due to participant, protocol, and scanner factors and
175  within-subject variations and residual components. The imaging value for a specific brain
176  region was calculated as the average amplitude across all connections linking that specific
177  brain region to all others. The participant factor variation was large in regions associated
178  with the dorsal attention, frontoparietal, and default mode networks. The within-subject
179  variation was large over the whole brain, with larger variations in the somatosensory,

180  motor, and visual cortices, and certain dorsal attention network regions. Large protocol-
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181  related variation was observed in the anterior and inferior parts of the brain, including the
182  orbitofrontal cortex, gyrus rectus, and olfactory regions. Large scanner-related variation
183  was observed in the superior frontal gyrus and cerebellum at the top and bottom of the
184  brain, respectively.

185 To characterize differences between two imaging protocols or scanners in the FC space,
186  we defined the distance between them as the mean absolute difference between the
187  corresponding estimated parameter vectors over all connections. We observed large
188  distances between the Harmonized Protocol (HARP) and SRPBS protocols and between
189  the SRPBS and Connectomes Related to Human Diseases (CRHD) protocols compared
190  with the distances between the HARP and CRHD protocols, as expected, as well as large
191  distances between the MR750W scanner from General Electric (GE) and the remaining
192 Siemens scanners (Supplementary Fig. 2(a)(b)).

193

194 [Fig. 2]

195

196  FC variation analysis of the SRPBS traveling-subject dataset

197 To assess commonalities and differences in the aforementioned findings, the same
198  analyses were applied to the SRPBS traveling-subject dataset using two-factor linear
199  fixed effects modeling with participant and scanner factors.

200 The distributions of the FC variation magnitudes across all connections (71,631
201  connections from Glasser's MMP atlas) and the association between residual component
202 and within-subject FC variations are presented in Fig. 3(a), (b). The median values and
203  quantiles of the participant and scanner factors were 0.080 (0.038-0.158) and 0.037
204 (0.019-0.071), respectively. The largest magnitude was observed for the residual
205  components (0.156 (0.138-0.189)). The distribution for the participant factor was broader
206  than that of the other factors. High connectivity pattern similarity was observed between
207  the residual and within-subject variations (correlation coefficient: 0.69), with the median
208  magnitude of the latter being smaller than that of the former (0.133 vs 0.160, respectively).
209  These results were consistent with those in the BMB traveling-subject dataset analysis
210  (Fig. 2(a), (b)).

211 Subsequently, we examined brain regions and networks affected by each factor. A trend
212 similar to that of the BMB dataset was observed, with some exceptions (Fig. 3(c), (d)).
213 The within-subject variation was large in terms of connectivity involving the cerebellum
214  and visual cortex, and large scanner-related variation was observed in the orbito-frontal
215  cortex. The pair-wise scanner distance matrix and dendrogram computed on the basis of

216  the agglomerative hierarchical clustering revealed that the Phillips Achieva and Siemens


https://doi.org/10.1101/2024.04.01.587535
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.04.01.587535; this version posted April 2, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

217  scanners were similar; however, a larger separation was observed for the Signa and
218  MR750W scanners from GE and Siemens scanners (Supplementary Fig. 2(c)).

219

220 [Fig. 3]

221

222 FC differences between neuropsychiatric disorder groups and heathy controls (HCs)
223 We examined group-level FC differences between patients with MDD, ASD, or SCZ,
224 and HCs to compare the FC variations from the disorder-unrelated factors, e.g., imaging
225  protocol, scanner, participant, and within-subject variations.

226 The magnitude distributions of the FC differences for each disorder are shown in Fig.
227 4(a). The median values (5"-95™ percentile) of the magnitudes for the MDD, ASD, and
228  SCZ groups were 0.019 (0.002-0.061), 0.020 (0.002—0.062), and 0.029 (0.003-0.086),
229  respectively, which were as small as the FC variations of the scanner and imaging protocol
230  factors. However, examining the upper tails of each distribution revealed substantial
231  effects for certain connections; more specifically, approximately 0.5%, 0.3%, and 2.3%
232 of all connections exhibited a magnitude exceeding 0.1 in the MDD, ASD, and SCZ
233 groups, respectively, highlighting the fact that accurate biomarker development requires
234 the selection of important disorder-specific connections. Furthermore, the comparatively
235  smaller FC differences in the MDD and ASD groups in comparison with that of the SCZ
236  group were indicative of the challenges associated with creating precise biomarkers for
237 MDD and ASD. The comparison of the disorder-related and disorder-unrelated FC
238  variations from the BMB traveling-subject dataset for the 50 largest disorder-related
239 connections (Supplementary Figs. 3—5) revealed that the magnitudes of the scanner and
240  imaging protocol factors were small for most connections, whereas those of the within-
241  subject and participant factors were as large as the disorder-related differences.

242 The brain regions and networks affected by each disorder are presented in Fig. 4(b), (c).
243  For all three, a large magnitude was observed for connectivity involving the thalamus.
244  For the MDD group, in addition to the thalamus, large FC differences were observed in
245  the somatosensory and motor regions, consistent with the results of a recent extensive
246  data analysis conducted by the PsyMRI consortium®?; however, this contradicts early
247  studies that emphasized default mode and front-parietal network involvement®**°, For the
248  ASD group, large FC differences were observed for intra-network connections involving
249  somato-motor, ventral attention, subcortical, and visual networks. For the SCZ group,
250  large FC differences were observed in the thalamus and somatosensory and motor regions
251  in addition to changes in inter-network connections involving the ventral attention
252 network.
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253

254 [Fig. 4]

255

256 Collectively, these results indicated that the impact of the scanner and imaging protocol

257  factors on biomarker development could be limited, whereas within-subject and
258  participant factors could have a greater impact and may require more careful
259  consideration.

260

261  Signal-to-noise ratio (SNR) enhancement wusing multivariate connectivity
262  biomarkers

263 We have shown that individual differences (participant factor) and within-subject
264  variations were as large as or even larger than the disorder-related differences at most
265  connections, highlighting the difficulty of developing reliable univariate connectivity
266  biomarkers that permit individual-level classification. However, previous studies
267  involving machine-learning algorithms have demonstrated that multivariate connectivity
268  biomarkers can facilitate individual-level classifications'”!**’. To understand the factors
269  affecting such outputs, we investigated the impact of variations caused by disorder-
270  unrelated factors in the BMB traveling-subject data on the MDD, ASD, and SCZ
271  biomarkers we developed in a previous study using ensembles of least absolute shrinkage
272 and selection operator (LASSO) classifiers'®. We hypothesized that machine-learning
273 algorithms could optimize connectivity weightings to empower the model to distinguish
274  patients from HCs, while suppressing the influence of individual differences within the
275  patients and HCs group.

276

277  [Fig. 5]

278

279 First, we investigated the connections selected by the LASSO algorithm using the
280  magnitude distributions of the FC variations. For comparison, we consider the naive
281  greedy strategy in which the 50 largest disorder-related connections (see Supplementary
282 Figs. 3-5 for details of each individual FC) were selected and averaged. For the MDD
283  biomarker (Fig. 5(a)), the FC variation distributions of the top 50 LASSO-selected
284  connections (histogram left-half) were significantly different from those of the 50 largest
285  disorder-related connections (histogram right-half) with respect to the participant, within-
286  subject, scanner and disorder factors (two-sample Kolmogorov-Smirnov test, p<0.001).
287  The LASSO algorithm did not limit its selection to the functional connections with the
288 50 largest differences between the disorder and HC groups; instead, it selected those with
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289  smaller individual-, within-subject-, and scanner-related variations. Compared with the
290  magnitude distributions of all 71,631 FCs (violin plots), the distributions of the lasso-
291  selected FCs had the significantly different distribution only for the disorder factor (two-
292 sample Kolmogorov-Smirnov test, p<0.001). On the other hand, the distributions of the
293  greedily selected FCs had the significant difference for the participant and within-subject
294  factors as well as the disorder factor (two-sample Kolmogorov-Smirnov test, p<0.001).
295  Similar results were observed for the ASD and SCZ biomarkers, except for the lack of
296  significant differences in scanner-related FC variations (Fig. 5(b)(c)).

297 Subsequently, we evaluated the weighted linear summation-FC (WLS-FC) variations
298  caused by the disorder-unrelated and disorder-related factors to assess their impact on the
299  decision value of the diagnostic biomarkers. The WLS-FC variations for the MDD
300  biomarker are presented in Fig. 5(d); the mean variations of each individual classifier
301  output (shown by the unfilled bars) caused by the participant and within-subject factors
302 were less than half of the difference between the MDD and HC groups, whereas variations
303  caused by scanner and protocol factors were much smaller (approximately one-tenth of
304 that difference). Further reduction in WLS-FC variations was observed for the ensemble-
305 averaged output (filled bars), particularly for the participant and within-subject factors.
306  The same tendency was observed for the ASD and SCZ biomarkers (Fig. 5(e), (f),
307  respectively).

308 To quantify the signal improvement, we estimated the SNR of each FC or the classifier
309  output as the disorder-related difference divided by summation of the participants, within-
310  subject, scanner and imaging protocol variations (Fig. 6 and Supplementary Table 1). For
311 MDD, the distribution of the SNR estimates of each individual FC from all 71631 FCs
312  ranged from 3.8 X 10~7 to 0.48 with the median value 0.064. The average SNR of top
313 50 disorder-related FCs and top 50 LASSO-selected FCs were 0.365 (£0.063) and 0.256
314 (£0.095), respectively. The SNR estimates of the LASSO classifier outputs before and
315  after ensemble average were 0.742 (£0.132) and 0.965, respectively. Thus, the ensemble
316  LASSO classifier improved the SNR by 15 times and 2.6 times compared with the median
317  SNR of whole 71631 FCs and the greedy univariate strategy. The similar values of the
318  signal improvement were observed for ASD and SCZ (ASD: 15.4 times and 3.1 times,
319  SCZ 13.9 times and 2.6 times). In summary, improvements of SNRs by the ensemble
320  LASSO biomarkers were achieved by the following three mechanisms: first, selecting
321  FCs with large disorder effects and modest participant or within-subject variability,
322 second, spatially weighted averaging of the selected FCs reduced the participants and
323  within-subject variations significantly, and third, the ensemble of 100 LASSO classifiers
324  further reduced the variations. We here roughly quantify contributions by the three factors
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325  in improving the SNRs for the MDD. First, the top 50 LASSO-selected FCs have
326 0.256/0.064=3.9 times larger than the median SNR of whole 71,631 FCs. Second, the
327  linear weighted summation of the LASSO classifier improved 0.742/0.256=2.9 times by
328  weighted spatial averaging; this is reminiscent of replacing spatial averaging by temporal
329  averaging based on Ergodic property in statistical physics, but the opposite in our case,
330  thatis, replacing temporal averaging by spatial averaging. Third the ensemble averaging
331  improved 0.965/0.742=1.3 times. Altogether, the entire procedure improved SNR by 15
332 times. This is in sharp contrast to SNRs close to but less than 1 for the 50 largest disorder-
333  related FCs. The ASD case is similar to MDD, and the SCZ case attains a little higher
334 SNR because of relatively larger disorder effects.

335

336  [Fig. 6]

337

338 These results supported our hypothesis that machine-learning algorithms could optimize

339  the connectivity weighting to maximize disorder-related differences while simultaneously
340  suppressing individual differences. Contrary to our expectations, we observed suppressed
341  within-subject variations as well.

342

343  Discussion

344  The present study involved a comprehensive and quantitative evaluation of the effects of
345  wvarious factors on FC and machine learning-based biomarker outputs to delineate
346  directions for future research to establish reliable individual-level biomarkers. The
347  carefully-designed linear fixed modeling of the traveling-subject datasets revealed that
348  the effects of individual differences and residual components on FC variations were
349  several times greater than the variations caused by scanner and imaging protocol factors.
350  Additionally, the FC variations attributed to the residual components were highly similar
351  to the within-subject across-runs variations. Each factor affected brain regions and
352  networks differently; for example, large individual FC differences were observed in the
353  dorsal attention and front-parietal networks; large within-subject FC variations were
354  observed in the sensory and motor-related regions; and large scanner- and imaging
355  protocol-related FC variations were evident at the bottom and top of the brain. The
356  disorder-related FC difference was as small as the scanner- and imaging protocol-related
357  variation on average and was of similar magnitude to the individual FC differences and
358  within-subject FC variation at the connectivity with the largest disorder effects. By
359  evaluating the variations of the multi-connectivity biomarker outputs, we found a

360  reduction of the individual difference and within-subject variations by optimal weighting
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361  of multiple connectivity and ensemble averaging. Our results revealed large variability in
362  disorder-unrelated factors at the level of single connections; however, the use of
363  multivariate connectivity biomarkers served as a noise-suppression mechanism,
364 increasing the SNR through optimal weighting and ensemble averaging. Furthermore,
365  this study was the first to evaluate FC variations related to specific imaging protocols and
366  their effects on biomarker outputs. All of our reported values for the FC variations were
367  based on Fisher’s z-transformed Pearson correlation, enhancing interpretability across
368  studies. This approach differs from previous traveling-subject studies, offering a more
369  comprehensive understanding of FC variations and their implications on imaging
370  biomarker development 3°-°,

371 The linear fixed effects modeling revealed that the FC variation caused by the participant
372 factor was several times larger than that caused by scanner and imaging protocol factors,
373  with even larger variation for the unexplained residual components. The distribution for
374  the participant variation was broad across connections, whereas the distributions for the
375  other three types of variations were narrower across both traveling-subject datasets, with
376  similar outcomes observed when the FC values were derived from volumed-based
377  anatomical parcellation (BrainVISA atlas, 137 regions without the cerebellum;
378  Supplementary Figs. 7 and 8). The larger contributions of the participant factor relative
379  to that of the other measurement factors were also consistent with findings of two
380  previous traveling-subject studies®>*°. This study was also the first to incorporate the
381  decomposition of measurement bias into the imaging protocol and scanner factors,
382  revealing slightly larger scanner-related FC variation than imaging protocol-related FC
383  wvariation. The larger impact of the participant factor in the BMB dataset compared with
384  that of the SRPBS dataset could be due to the wider variability in subject demographics
385  in the former dataset. For example, the SRPBS traveling-subject dataset included only
386  young, adult males, whereas the BMB dataset included both male and female adults in
387  their twenties to sixties.

388 The largest FC variations were associated with residual components that could not be
389  explained by the linear fixed effects model. The ratios of the unexplained residual
390  wvariations to the total variations averaged across all connections were 69% and 64% for
391  the SRPBS and BMB datasets, respectively, consistent with the 60-80% ratios attributed
392  to unexplained residual components in a previous study®>. However, the previous
393  traveling-subject studies did not investigate the residual components in detail. The present
394  study clearly showed the relevance of the residual components with the within-subject
395  variations by high connectivity pattern similarity between them (Fig. 2,3(a)). This result

396  remained unchanged when the data used for computing the residual components and
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397  within-subjects variation were completely separated (Supplementary Fig. 9(a)). These
398  results suggested that the large proportions observed for the unexplained residual
399  components reflected the within-subject FC variation. It is important to note that the
400  within-subject variations here include variations across different days, as each
401  participant's data comprised at least two days of experiments, on average approximately
402 8 weeks apart, with three runs per day. The within-day variation for a participant can be
403  determined by subtracting the day-specific FC pattern, averaged over three runs, from
404  each run's data. We discovered that the within-participant within-day FC variation shared
405 a similar connectivity pattern with the current study’s intra-participant inter-run FC
406  variation, albeit with a reduced magnitude (Supplementary Fig. 10).

407 The brain mapping of the participant, imaging protocol, scanner, and within-subject FC
408  variations revealed distinct patterns in the brain regions affected by each factor, with some
409  overlap. For example, the participant FC variations were large in regions associated with
410  the dorsal attention and frontoparietal networks, whereas the within-subject FC variation
411  was large in the somatosensory, motor, and visual cortices, as well as in certain regions
412 within the dorsal attention network. These distinct patterns were observed in both the
413  BMB and SRPBS datasets, with an exception being the large within-subject FC variation
414  observed in the cerebellum and visual cortex only in the SRPBS dataset. Similar distinct
415  patterns of between-subjects and within-subject FC variations have been reported in
416  several previous studies**?>. Large imaging protocol- and scanner-related FC variations
417  were predominantly observed on the top and bottom of the brain, although the detailed
418  patterns slightly differed for each factor. A large imaging protocol FC variation was
419  observed in the anterior and inferior parts of the brain, including the orbitofrontal cortex,
420  gyrus rectus, and olfactory regions, whereas large scanner-related FC variation was
421  observed in the superior frontal gyrus and cerebellum; the latter FC variations were also
422 high in the anterior frontal parts of the brain for the SRPBS dataset, resembling the
423 scanner differences reported previously>>.

424 The comparison of the FC variations between the disorder-related factor and the
425  participant, within-subject, scanner, and imaging protocol factors (Fig. 4 and
426  Supplementary Figs. 3-5, 11) has particularly important implications for psychiatric
427  biomarker development. First, a small subset of connections exhibited substantial group
428  differences between patients and HCs. For example, the number and magnitude of
429  functional connections relevant to MDD and ASD were comparatively smaller than those
430  relevant to SCZ, suggesting that developing accurate MDD and ASD biomarkers might
431  be more challenging. Second, the disorder-related FC differences were comparable to or

432 smaller than the individual difference and within-subject variations, even when focusing
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433 on 50 connections with the largest disorder-related differences (Supplementary Figs. 3—
434 5). Aggregating multiple connectivity changes is essential to allow for differentiating
435  patients from HCs at an individual level. Third, the magnitude of the imaging protocol-
436  related FC variations was small for most of the MDD-, ASD-, and SCZ-related
437  connections, except for several MDD-related connections around the somatosensory and
438  motor regions. Thus, imaging protocol-related FC differences may have a limited impact
439  on biomarker development. This finding is particularly important because it suggests
440  possibility of integrating two data sets from two distinct nationwide projects SRPBS and
441  BMB, enabling machine-learning-based biomarker development using combined datasets
442 comprising approximately 10,000 samples.

443 The investigation of the effect of disorder-unrelated variations on the multi-connectivity
444  biomarker outputs that we previously developed using the ensemble LASSO algorithm
445  revealed that individual difference and within-subject FC variations could be reduced by
446  optimal weighting of automatically selected FCs and ensemble averaging. The reduced
447  effect attributed to individual differences was expected, as the machine-learning
448  algorithm attempts to reduce within-group variance while simultaneously increasing the
449  between-group variance (i.e., differences between disorder and HC groups). However, the
450  reduced impact of the within-subject variation was surprising because there was no
451  explicit source of information about the such variation that the machine-learning
452 algorithm could have used in the training data, that is, no multiple scans from individual
453  participants were included in the discovery cohort for the biomarker development;
454  however, this effect might have been because the within-subject variations had some
455  commonality across subjects. Even though the individual difference and within-subject
456  variations were reduced, the magnitude of these two factors was larger than that of the
457  scanner and imaging protocol variations. This observation underscores the challenge of
458  further reducing the influence of individual differences and within-participant variations
459  to create even more robust and precise biomarkers, which is especially critical for
460  precision medicine applications. Addressing this challenge will require innovative
461  experimental and analytical approaches in future research endeavors. One possible
462  progression involves integrating the SRPBS and BMB datasets to form big datasets for
463  biomarker discovery. The expanded dataset size would allow for an increase in the
464  number of the selected FCs by the ensemble sparse classifiers. This increased number of
465  FCs would boost the SNR in distinguishing disease effects from irrelevant variations,
466  resulting in biomarkers that are more reliable, generalizable, precise, and applicable.

467 This study had several limitations. First, the use of the statistical model for factor

468  decomposition is limited to linear modeling with only a few factors. Although it may be


https://doi.org/10.1101/2024.04.01.587535
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.04.01.587535; this version posted April 2, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

469  desirable to include non-linear effects, such as interactions between imaging protocols
470  and scanner types or to include other factors, such inclusion complicates the explanatory
471  matrix, resulting in the null space being impossible to interpret. Despite our efforts to
472 account for data variance with known factors, substantial portions remained unexplained.
473  Second, the SNR values in Fig. 6 and Supplementary Table 1 were only rough estimates.
474  We assumed the four disorder-unrelated factors as noise as well as independence among
475  the four factors. In addition, our estimates of signal could be overestimated because the
476  same dataset was used for both developing the classifiers and evaluating disorder-related
477  differences of the biomarker outputs. However, this overestimation is not expected to
478  affect the SNR comparison between the LASSO biomarkers and the top 50 disorder-
479  related FCs. Third, our analysis was based on 10-minute rsFC trials. The experiment

C*?* 50 the extent of within-

480  duration significantly affects the test-retest reliability of rsF
481  participant variation should decrease with longer trial durations. Forth, we did not
482  implement a preprocessing pipeline specifically optimized for the HARP and CRHD

483  protocols. More sophisticated preprocessing techniques®®*

, which have been proposed
484  for data acquired with these protocols, could further improve biomarker performance. The
485  impact of preprocessing on FC variations should be explored in future studies.

486 In conclusion, this study provided comprehensive and quantitative understanding of the
487  effects of various factors on FC and machine-learning—based biomarker outputs. Our
488  study also demonstrates the benefit of characterizing each FC variation from diverse
489  perspectives, encompassing not only disorder-related differences but also disorder-
490  unrelated variations, e.g., those attributed to participant, within-subject, imaging protocol,
491  and scanner factors. This comprehensive approach is instrumental in advancing the
492 development of more robust, generalizable, and accurate biomarkers.

493

494  Methods

495  Datasets

496  This study analyzed two traveling-subject datasets derived from two national-wide
497  projects conducted in Japan (SRPBS, 2012-2018 and BMB, 2018-2023), as well as a
498  portion of the SRPBS multi-disorder dataset. The SRPBS project was the pioneering
499  multicenter study conducted to develop multicenter generalizable psychiatric biomarkers
500 wusing a unified imaging protocol. The subsequent BMB project aimed to improve
501  biomarker selection using a cutting-edge imaging protocol and data processing techniques.
502  To bridge the biomarker selection between two projects, the BMB traveling-subject data
503  were acquired using the SRPBS imaging protocol and two new imaging protocols.

504 Investigating the effects of these imaging protocols on FC variability was one of the
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505  focuses of the present study.

506 A comprehensive description of the SRPBS traveling-subject and multi-disorder datasets
507  was provided in our previous study®’. All of SRPBS data used for the analysis is publicly
508  available. To summarize, nine young adult male subjects (age range: 24-32 years; mean
509  age: 2712.6 years) visited 12 sites in the traveling-subject dataset, participating in fMRI
510  experiments involving two or three runs of 10-minute resting-state testing within a single
511  experimental session at each site, resulting in the acquisition of 411 runs of 10-minute
512  eyes-open resting-state fMRI data. We employed a unified imaging protocol referred to
513  as the SRPBS protocol. Owing to hardware limitations, two phase-encoding directions
514  were used depending on the scanners used, either A->P (anterior to posterior) or P->A
515  (posterior to anterior). However, we did not differentiate the phase-encoding direction as
516  different imaging protocols because we corrected for the impact using the corresponding
517  field maps. The dataset included data collected from seven types of scanners from three
518  different MRI manufacturers (Siemens, GE, and Phillips). The SRPBS multi-disorder
519  dataset used for the analysis consisted of data from approximately 900 subjects, acquired
520  using the SRPBS imaging protocol at the following four sites. The dataset included data
521  from patients with three psychiatric disorders (MDD, ASD, and SCZ) and HCs (see
522 Supplementary Figs. 12 and 13 for graphical representations of the data).

523 Specific details pertaining to the BMB dataset were described in our previous study?®.
524  Briefly the data were derived from 75 subjects (48 males and 27 females; mean age:
525  31.8£10.0 years) from 17 sites. Each subject had visited three or more sites, including
526  one of three hub sites according to a hub-and-spoke model, which differed from the
527  SRPBS traveling-subject design in which all subjects visited all sites. For each participant,
528  data were collected from at least two runs of a 10-minute eyes-open resting-state fMRI
529  task conducted in a single experimental session at each site. At least five healthy
530  participants were recruited at each site. In total, approximately 1,200 runs of 10-minute
531  eyes-open resting-state fMRI data were obtained using three imaging protocols, including
532 the SRPBS protocol previously mentioned, the CRHD protocol, which is the MRI
533  protocol developed by the CRHD initiative of the Human Connectome Project (HCP) in
534  the United States of America (USA), customized for high-performance, 3T MRI scanners
535  such as the MAGNETOM Prisma (Siemens Healthcare GmbH, Erlangen, Germany), and
536  the HARP, which is an HCP-style protocol with a short scanning time optimized for
537  clinical studies so that it can be used for multiple MRI scanners/sites and was designed
538  to obtain high-quality, standardized brain MRI data in a ‘clinically’ practical time window
539  (see Supplementary Table 2 for more details). Seven scanner types from two MRI

540  manufacturers (Siemens and GE) were included (see Supplementary Fig. 14 for a
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541  graphical representation of the data).

542 All participants in all datasets provided written informed consent, and all recruitment
543  procedures and experimental protocols were approved by the institutional review boards
544  of the principal investigators’ respective institutions.

545

546  FC computation

547 We computed a region-level whole-brain FC matrix using identical processing steps for
548  both the SRPBS and BMB datasets.

549 The resting-state fMRI images underwent preprocessing using the standard pipeline
550  implemented in fMRIPrep 1.0.8,*> which consisted of several steps, including the
551  exclusion of the initial 10 seconds of data for T1 equilibration, slice-timing correction,
552  realignment, coregistration, distortion correction using a field map, segmentation of T1-
553  weighted structural images, normalization to the Montreal Neurological Institute space,
554  and surface projection.

555 Subsequently, the resting-state fMRI timeseries data underwent the following processing
556  steps: physiological noise removal by employing 12 regressors, which consisted of six
557  head motion parameters, signal averaging across the entire brain, and five anatomical
558  component-based noise correction (CompCor) components. The data were then
559  bandpass-filtered using a second-order Butterworth filter with a passband ranging from
560  0.01 to 0.08 Hz. Additionally, image volumes affected by head motion, as indicated by a
561  frame displacement exceeding 0.5 mm*®, were eliminated from further analysis, as were
562  runs with excessive head motion. A region-level whole-brain connectivity matrix was
563  computed using Glasser's surface-based MMP atlas; this consisted of 379 regions of
564 interest (ROIs) (360 cortical parcels and 19 subcortical parcels)** using the ciftify toolbox
565  version 2.0.2-2.0.3. The region timeseries was obtained by averaging the voxel timeseries
566  within each region. The connectivity matrix was obtained by calculating the Pearson
567  correlations between all regional timeseries pairs. Since the connectivity matrix is
568  symmetric, the lower triangular elements were extracted, and a vector was formed with a
569  size of 71,631x1 (referred to as a connectivity vector). Finally, Fisher's z-transformation
570  was applied to each element of the connectivity vector.

571 After excluding any data affected by image processing errors, excessive head motion,
572 and an insufficient number of runs at a single site from further analysis, we analyzed the
573  connectivity vectors from a total of 398 runs from 12 sites, including nine subjects, one
574  protocol and seven scanner types in the SRPBS traveling-subject dataset, and the
575  connectivity vectors from a total of 1,167 runs from 14 sites, including 73 subjects, three

576  protocols, and six scanner types in the BMB traveling-subject dataset (see Supplementary
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577  Tables 3 and 4 for more details).

578

579  Estimation of FC variations due to experimental factors

580 To determine the influence of experimental factors such as the participant, scanner, or
581  imaging protocol on FC, we used a linear fixed effects model for each connection, which
582  allowed us to estimate the magnitude of these factors’ effects. We used a three-factor
583  model consisting of the participant, scanner, and imaging protocol for the BMB traveling-
584  subject data, whereas a two-factor model consisting of the participant and scanner factors
585  was used for the SRPBS traveling-subject data.

586 We let z,. be a z-transformed connectivity strength for a specific run indexed by n

587  and a connection indexed by ¢ (N : total number of runs, C : total number of connections)

T ..
588 and let z, = (ZlC'ZZC,"',ZNC) be a column vector containing all the strength for

589  connection ¢ across all runs. Then, in the case of the three-factor model, we assumed a
590 linear regression model with three explanatory variables was represented as,

591 Z.= pﬂg + Xprotﬂgr‘)t + Xscanﬁgcan +e .. (D).

592  Here, three factors are categorical values represented by the binary matrices
593 Xy, Xpror and Xcqn, respectively. For example, the participant-factor matrix X, would
594  be a matrix of size N-by-P (with P being the total number of participants) and the ijth
595  element would be 1 if the participant indexed by i participated in a run indexed by J;
596  otherwise, it would be 0. The parameter vector B% was a vector of size P-by-1 whose
597  element represents the magnitude for each participant. The explanatory matrices and the
598  parameter vectors for the protocol and scanner factors were defined in the same way. The
599  term €, represented residuals that cannot be explained by the linear summation of three
600  factors.

601 The equation (1) can be rewritten in the simplified form

602 z.=XB.+e€. ...(2)

t
603  where X = [Xp Xprot Xscan] and B, = [Bft ﬁp“’tt pscant] are a matrix and

Cc

604  vector concatenating three factors, respectively. Using the least squares method, the
605  parameter vector B, could be obtained by solving the following normal equation,

606 X'XB.=X'z, ...(3).

607  Since all three factors were categorical variables, the concatenated explanatory matrix X
608  was not of full rank, which could be easily confirmed by summing the columns of
609 X, Xpror and X.qpn, where all results would be a vector consisting of all ones. Thus, the

610  linear equation (3) did not have a unique solution (and the inverse of XtX does not exist),


https://doi.org/10.1101/2024.04.01.587535
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.04.01.587535; this version posted April 2, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

611  but the least squares solution could be obtained using the Moore-Penrose generalized
612  inverse matrix,*’

613  B.=XX)*X'z, ...(4).

614  This was the solution of the linear system (3) in which the minimum L2-norm and the
615  null space of X*X could be determined from the design of the explanatory matrix. The
616  singular value decomposition of the explanatory matrix provided information about the
617  null space. Thus, in our three-factor or two-factor model, we confirmed that the
618  undetermined components were constant values within each factor (see Supplementary
619  Fig. 9 for more details). Thus, the baseline values of each factor were arbitrary, and only
620  the differential values within each factor were meaningful.

621

622  Quantification of FC variations due to experimental factors

623 We computed the FC variations attributed to the participant (or individual subject),
624  protocol, and scanner factors by determining the standard deviation of
625 b ﬁfmt, and B3¢ across the members within each factor, respectively. The residual
626  FC variation was obtained as the standard deviation of €. The pair-wise distance matrix
627  between members of the scanner type and imaging protocol factors was computed by
628  calculating the mean absolute difference between corresponding estimated parameters
629  across all connections.

630

631  Computation of within-subject across-runs FC variations

632 To investigate the origin of residual FC variations resulting from the linear fixed effects
633  modeling, we computed within-subject across-runs FC variations directly from the FC
634  vectors. The within-subject FC variation is typically defined by the variability of
635  connectivity patterns between different runs within one subject. In this study, the within-
636  subject FC variations averaged over screened subjects were defined as follows. First, we
637  screened for subjects who had performed at least six runs under a single measurement
638  condition, such as the same site, protocol, or scanner, to estimate the subject-specific
639  within-subject FC variations robustly. For each chosen subject, the data were collected
640  from at least two days of experimental sessions, with three runs per day, and the subject-
641  specific within-subject FC variations were obtained by determining the connectivity-wise
642  standard deviation of the connectivity vectors across runs for that particular subject. Then,
643  the subject-average within-subject FC variations, which we simply referred to as the
644  within-subject FC variations in this study, were computed as the average of all subject-
645  specific within-subject FC variations.

646 After screening subjects with at least six runs under a single measurement condition,
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647  the SRPBS dataset contained 132 runs from nine subjects acquired using a Trio scanner
648  ata single site named ATR, whereas the BMB dataset contained 201 runs from 31 subjects
649  acquired with the HARP and four different scanner types across seven sites.

650

651  Computation of disorder-related FC variations

652 For clinical applications, it is crucial to compare the FC differences associated with
653  neuropsychiatric disorders with those that are unrelated to the disorder, such as those
654  associated with the imaging protocol or scanner, or within-subject and participant FC
655  variations identified in the traveling-subject data analysis. Therefore, we computed the
656  disorder-related FC differences of three psychiatric disorders, including MDD, ASD, and
657  SCZ, using a portion of the data from the SRPBS multi-disorder dataset. The whole-brain
658  FC matrices were computed using Glasser’s MMP atlas in the exact same way as for the
659  traveling-subject datasets. The statistical harmonization using the SRPBS traveling-
660  subject data was applied to reduce the site effects’®. For each psychiatric disorder, we
661  randomly selected HC subjects from the dataset for age-, sex-, and site-matching as much
662 as possible, with 138 patients with MDD and 138 HCs (age: 42.12 +
663 12.33 and 41.76 + 12.39 years, respectively; male ratios: 0.46, 0.54); 109 patients
664  with ASD and 109 HCs (age: 29.14 + 8.35 and 31.25 %+ 7.33 years, respectiely;
665 male ratios: 0.84, 0.87), and 84 patients with SCZ and 84 HCs (age: 37.20 £
666 11.24 and 37.18 £ 11.46 years, respectively; male ratios: 0.58, 0.57). The disorder-
667  related FC differences were computed as the absolute value of the group-averaged FC
668  difference between the patient and matched HC groups for each disorder.

669

670  Analysis of the FC variations on multivariate connectivity biomarker outputs

671 To understand the underlying mechanism behind the effectiveness of the multivariate
672  connectivity biomarkers on individual-level classifications, we analyzed the variations
673  attributed to the disorder-unrelated and disorder-related factors on the biomarker
674  outcomes. More specifically, we evaluated the variations attributed to the participant,
675  imaging protocol, scanner, and within-subject variation from the BMB traveling-subject
676  dataset and disorder factors from the SRPBS multi-disorder dataset using the weight
677  parameters of MDD, ASD, and SCZ biomarkers we identified previously '°. The
678  biomarker of each psychiatric disorder consisted of an ensemble of 100 linear classifiers,
679  each of which was trained using partially overlapping but distinct subsampled data using
680  the least absolute shrinkage and selection operator (LASSO) algorithm and FC vectors
681  computed with the MMP atlas. The output of each classifier was a scalar value that

682  indicated the likelihood of the presence of the disorder, with the final decision value
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683  obtained by averaging the outputs of all 100 classifiers. To clarify, if we denote the weight
684  parameter of the n-th classifier by w,, and the FC vector of a subject by X, then the final

.. 1
685  decision value was calculated as d = mz}l‘;"l d,, where d, = wix represents the

686  decision value of each individual classifier. Thus, each classifier output is a WLS of
687  multiple FC values, which was referred to as the WLS-FC.

688 First, we investigated the FCs selected by the LASSO algorithm using the magnitude
689  distributions of the FC variations to assess the feature selection preferences of the
690  machine-learning algorithm. Given that the LASSO algorithm performs the feature
691  selection during the optimization of the parameter weighting, we focused on the
692  frequently selected FCs among the 100 classifiers and chose the top 50 most frequently
693  selected FCs on the basis of the average numbers of FCs selected for the MDD, ASD, and
694  SCZ biomarkers (49, 54.2, and 53.7, respectively). For comparison, we conducted two-
695  sample Kolmogorov-Smirnov testing between the FC variation distributions consisting
696  of the LASSO-selected connections and those consisting of the 50 largest disorder-related
697  connections (Fig. 5(d)).

698 Second, we analyzed the WLS-FC variations (i.e., variations of the biomarker outcomes)
699  attributed to the participant, scanner, imaging protocol, within-subject, and psychiatric
700  disorder factors, which were calculated for the output of each individual classifier and the
701  output after ensemble averaging. To compute the WLS-FC variation associated with a
702 particular factor, we required the FC deviation vector for each member of the factor. Each
703  element of the FC deviation vector was defined by a signed scalar value representing the
704  deviation from the mean across the members of the factor. For example, the FC deviations
705  of the participant factor were computed by subtracting participant-averaged beta
706  estimates from each participant for each FC. The imaging protocol- and scanner-related
707  FC deviations were computed in the same way. The disorder-related FC deviation was
708  computed as the difference between the group averages. The within-subject FC deviation
709  was computed by pooling the within-subject FC deviations of each subject, each of which
710  was obtained by subtracting the run-averaged FC from each run’s FC data within a subject.
711  Subsequently, we calculated the WLS-FC variations by taking the standard deviation of
712 the WLS-FC deviations, which was obtained by projecting FC deviation vectors on the
713  biomarker space defined by the classifier weight parameters.

714
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Figure 1. Schematic of the data analysis protocol used in this study. Two traveling-subject datasets from two nationwide
projects conducted in Japan (Brain/Minds Beyond (BMB) and Strategic Research Program for Brain Sciences (SRPBS), along
with a multi-disorder dataset from SRPBS, were analyzed in the present study to facilitate a more comprehensive understanding
of functional connectivity (FC) variations related to individual differences, scanner differences, imaging protocol differences, and
unexplained residual components in comparison to disorder-related FC variations. First, we computed the FC variations due to
each factor and residual components using a carefully designed linear fixed effects model. We separately computed the within-
subject across-runs FC variations using a subset of the traveling-subject datasets (inclusion criteria: subjects with data from at
least six runs under a single measurement condition). The FC was characterized by the magnitude of the FC variations attributed
to differences in individuals (participants), scanners, imaging protocols, within-subject across-run differences, and disorder
differences. Furthermore, we evaluated the impact of each factor’s FC variations on the outcomes of the multivariate FC

biomarker we previously developed using least absolute shrinkage and selection operator (LASSO) ensemble classifiers'’.
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Figure 2. Analysis of functional connectivity (FC) variations for the Brains/Minds Beyond (BMB) traveling-subject dataset
based on Glasser’s Multimodal Parcellation (MMP) atlas. A linear fixed effects model with three factors was applied to the
BMB traveling-subject dataset to investigate the FC variations due to the participant (73 subjects), imaging protocol (three
protocols), and scanner (six scanners) factors, and the unmodeled residual component, which was characterized on the basis of
separately computed within-subject FC variations. (a) Distributions of the magnitudes of the FC variations due to the participant,

scanner, protocol, residual component, and within-subject factors. Each violin plot summarizes the whole-brain FC variations
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across 71,631 connections. The median value of each distribution is shown above each violin plot. (b) Comparison of the
connectivity pattern similarity between the residual component and within-subject variations. Each dot corresponds to one
connectivity. (c) Brain mapping of the FC variations due to the participant, within-subject, residual, scanner, and imaging protocol
factors. (d) Brain networks of the FC variations summarized using Yeo’s 7-network parcellation. All reported values are

represented by Fisher’s z-transformed Pearson correlation coefficients.
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Figure 3. Analysis of functional connectivity (FC) variations for the Strategic Research Program for Brain Sciences
(SRPBS) traveling-subject dataset based on Glasser’s Multimodal Parcellation (MMP) atlas. A linear fixed effects model

with two factors was applied to the SRPBS traveling-subject dataset to investigate the FC variations due to the participant (nine

subjects) and scanner (seven scanners) factors and the unmodeled residual component. The unmodeled residual component was

characterized by separately computed within-subject FC variations. (a) The distributions of the magnitudes of the FC variations

due to the participant, scanner, residual component, and within-subject factors. Each violin plot summarizes the whole-brain FC

variations across 71,631 connections. The median value of each distribution is shown above each violin plot. (b) Comparison of
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the connectivity pattern similarity between the residual component and within-subject variations. Each dot corresponds to one
connectivity. (c) Brain mapping of the FC variations due to the participant, within-subject, residual, and scanner factors. (d) Brain
networks of the FC variations summarized using Yeo’s 7-network parcellation. All reported values are represented by Fisher’s z-

transformed Pearson correlation coefficients.
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899 Figure 4. Comparison of the disorder-related functional connectivity (FC)
9200 differences between groups of patients with major depressive disorder
901 (MDD), autism spectrum disorder (ASD), or schizophrenia (SCZ) and age-
902 and-sex-matched heathy controls. (a) Distributions of the magnitudes of the
903 disorder-related FC differences. (b) Brain mapping of the disorder-related FC
904 differences (c). Brain networks of the FC differences summarized using Yeo’s
905 7-network parcellation. (d) The 50 largest FC variations summarized using
906 Yeo’s 7-network parcellation. All reported values represent Fisher’s z-
907 transformed Pearson correlation coefficients.
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911  Figure 5. Analysis of the effects of functional connectivity (FC) variations on the
912  multivariate connectivity biomarker outputs. We evaluated the impact of FC variations
913  due to the participant, imaging protocol, scanner, within-subject, and disorder factors on
914  the outputs of major depressive disorder (MDD), autism spectrum disorder (ASD), and
915  schizophrenia (SCZ) biomarkers developed in our previous study'®. The biomarker for
916  each psychiatric disorder consisted of an ensemble of 100 linear classifiers, each of which
917  was trained with partially overlapping but distinct subsampled data using the least
918  absolute shrinkage and selection operator (LASSO) algorithm. The output of each
919  classifier was a scalar value that represented the weighted linear summation of the FC
920  (WLS-FC). The final decision value, indicating the likelihood of the presence of the
921  disorder, was obtained by averaging the outputs of all 100 classifiers. (a) The distributions
922 of the magnitudes of the FC variations of 50 LASSO-selected connections (left-half
923  histogram) and the top 50 MDD-related connections (right half histogram, for the
924  connections displayed in Fig. 4(d)) superimposed on the magnitude distributions of all
925 71,631 FCs (violin plots, integrated with Fig 2(a) and 4(a)). The asterisk and ns. indicate

926  statistical significance and non-significance (p < 0.001) from two-sample Kolmogorov-
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927  Smirnov test, respectively. (b)(c) The same data analyses are shown for the ASD and SCZ
928  biomarkers. (d) The impact of the FC variations on the output of the MDD biomarker.
929  The unfilled bars represent the variation of each classifier output averaged across all 100
930 classifiers (the error bar indicates the standard deviation), whereas the filled bars represent
931 the variation of the final decision value. (¢)(f) The same analyses are shown for the ASD

932  and SCZ biomarkers, respectively.
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936

937  Figure 6. Signal-to-noise ratio (SNR) estimates of the FCs and the LASSO

938 classifier outputs for MDD, ASD and SCZ. For each individual FC or classifier

939  output, the SNR was defined as the disorder-related variation divided by summation of
940  the participants, within-subject, scanner and imaging protocol variations. ‘All FCs’

941  represents the SNR distribution of the individual FCs collecting from all 71631 FCs.
942 ‘Top 50 disorder-related FCs’ represents average SNR of the 50 individual FCs with the
943  largest MDD-related variation. ‘Top 50 LASSO-selected FCs’ represents average SNR
944  of the 50 individual FCs which was most frequently selected by the LASSO classifiers.
945  ‘Single classifier outputs’ and ‘Ensemble averaged output’ represent the SNRs of the
946  LASSO classifier outputs before and after ensemble average, respectively. (a)(b)(c) the
947  SNR estimates of MDD, ASD and SCZ, respectively. The SNR values are listed in the
948  supplementary table 1.

949
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