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Abstract

Gliomas tend to arise in specific brain regions and may integrate into functional circuits,
suggesting they could be regulated by brain activity. However, it remains unclear whether glioma
growth is related to system-level brain networks. Analyzing neuroimaging data from three datasets
including 1,310 patients with cerebral gliomas, we identified and replicated a functionally
connected glioma network, which overlaps with the action-mode network (AMN), somatomotor
network (SMN), and action-related subcortical regions. Resting-state functional connectivity
(RSFC) of the AMN successfully predicted the location of glioma occurrence in two independent
datasets with complex tumor distributions. Remarkably, no patient had a glioma entirely outside
the AMN, and over 89% of patients exhibited gliomas with at least 50% overlap with the network.
Moreover, the spatial overlap between glioma location and the AMN demonstrated significant
prognostic value in survival analyses, with higher AMN-tumor overlap associated with poorer
overall survival. Notably, the acetylcholine transporter, a key player in glioma pathogenesis that
drives transcriptional reprogramming, showed an expression pattern overlapping with the AMN.
Meta-analytic annotations further linked the glioma network to processes of action initiation,
execution, and feedback. These findings indicate that gliomas preferentially arise in circuits

involved in action and highlight the central role of the AMN in glioma pathophysiology and growth.

Page 2 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity.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 a CC-BY-NC-ND 4.0 International license.

Main Text

Gliomas are characterized by rapid cellular proliferation and extensive infiltration into surrounding
brain tissues, making them highly aggressive and challenging to treat'. Unlike most tumors that
predominantly affect older adults>®, gliomas lack established cancer risk factors such as
environmental carcinogens, chronic inflammatory conditions and heredity, with lower-grade
subtypes targeting young to middle-aged adults’®, suggesting unique oncogenic drivers embedded

within the brain®!°. Recently, gliomas have been increasingly recognized as dynamic entities

t11—17

influenced by bidirectional interactions with their neural microenvironmen . Emerging

evidence from electrocorticography (ECoG) and task-evoked functional magnetic resonance

imaging (fMRI) has revealed intratumoral neural responses evoked by goal-directed behaviors,

18,19

such as speech production'®!” and movement execution?. These findings highlight that glioma can

integrate into functional circuits and thus may be influenced by common task-related processes.

Neuron-glioma interactions, mediated by paracrine signaling and neurotransmitter-dependent (e.g.,

21-27

glutamate and acetylcholine) synapses® ™', contribute to neuronal hyperexcitability within

11-17,27

tumors . This hyperactivity has been associated with accelerated tumor growth and

proliferation'®?327-28  Collectively, these insights suggest that glioma distribution may, in part, be

shaped by neuronal activity across different brain regions.

Goal-directed activity is associated with increased arousal, action planning, and feedback

29-31

integration”~'. An action-related circuit, called the action-mode network (AMN), supports

various goal-directed behavior®?

. This network spans the cerebral cortex, subcortex, and
cerebellum, with key nodes located in the dorsal anterior cingulate cortex (dACC), anterior insula,

supplementary motor area (SMA), supramarginal gyrus (SMG), inferior frontal gyrus (IFG),

anterior putamen and ventral intermediate thalamus?*2-*, Task-evoked fMRI studies consistently
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129,35—37

highlight AMN’s involvement in goal-directed activities such as executive contro , motor

13338 and pain monitoring®+*°. Additionally, AMN is strongly connected to the somatomotor

contro
network (SMN), particularly within its recently defined somato-cognitive action network
(SCAN)*'. Thus, the AMN, responsible for action initiation and planning, and the SMN,

responsible for execution, form a highly integrated circuit that is consistently engaged during goal-

directed tasks.

Gliomas exhibit a non-random spatial distribution, with a predilection for highly connected brain
regions such as the insula, temporal cortex, and putamen****. Emerging evidence indicates that
these tumors preferentially localize to functional hubs — regions characterized by high
connectivity and centrality>** . This spatial bias is further supported by magnetoencephalography
(MEG) studies, which associate glioma occurrence with regions of elevated broadband power®.
Nevertheless, the relationship between glioma-prone regions and functional brain networks has

not been established.

To investigate the relationship between glioma growth and functional brain organization, we
developed an approach called ‘glioma network mapping’, which is adapted from lesion network
mapping*®>°. This method offers a framework to reconcile heterogeneous glioma occurrence
patterns and provides key insights into their network-based localization preferences. Using this
approach, we mapped the glioma network across three independent neuroimaging datasets
comprising 1,310 patients with cerebral gliomas. We investigated whether these glioma networks
converged onto the AMN and used the AMN to predict glioma occurrence in new datasets
featuring complex cases (n = 87, including cerebellar and multifocal gliomas). Additionally, we
assessed survival outcomes (n = 285 across two datasets) based on the overlap between glioma

networks and the AMN. Finally, we characterized the glioma network by neurotransmitter
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51,52

94  profiling and comparative functional pattern analytics®, to elucidate the neurochemical and

95  functional properties of the identified glioma network.

96  Gliomas are spatially distributed but functionally connected

97  We analyzed the spatial distribution of glioma locations in the cerebral cortex across three
98 independent datasets (Tiantan: n = 830; BraTS: n =345; UPenn: n = 135; see Supplementary Table
99 1 for detailed demographic and clinical information), revealing heterogeneous anatomical
100  locations of gliomas (Fig. 1a). Gliomas were rare in the occipital cortex but occurred more
101 frequently in the insula and temporal cortex (Fig. 1b). Nevertheless, anatomical overlap of the
102 glioma locations across individuals, after registering to a common atlas (calculated as the
103 percentage of patients showing a glioma at a given brain voxel) was quite limited, with the highest
104  overlaps being 14.5% for Tiantan dataset, 13.0% for BraTS dataset, and 17.0 % for UPenn dataset

105  (Supplementary Table 2).

106  Recent progress in lesion network mapping has revealed that brain lesions can occur in an
107  anatomically distributed, but functionally connected network and lead to the same
108 neuropsychiatric symptom?*-3, We thus applied a glioma network mapping approach (see Methods
109  and Extended Data Fig. 1 for algorithm framework) to explore the functional relationship of those
110  anatomically distributed cerebral gliomas (Fig. 1c). The analyses revealed a functionally coherent
111 glioma network which included the bilateral insula, posterior inferior frontal gyrus, posterior
112 middle frontal gyrus, posterior and dorsal anterior cingulate gyri, supramarginal gyrus, anterior
113 prefrontal cortex, and subcortical structures such as the putamen, globus pallidus, and thalamus.
114 We quantified cross-individual functional overlap as the percentage of patients exhibiting
115  significant positive connectivity with the glioma at a given brain voxel. The right insula was most

116  consistently found as the functional focus of the glioma network, with this functional overlap of
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117 76.4% in the Tiantan dataset, 70.1% in the BraTS dataset, and 71.1% in the UPenn dataset (see
118 Supplementary Table 3 for foci coordinates). Negative connectivity with the glioma locations was
119  mainly observed in the lateral occipital cortex, parietal lobe, inferior temporal sulcus, and
120  precuneus (Supplementary Fig. 1). The glioma network map exhibited strong consistency across
121 datasets, with high spatial correlation between maps (Fig. 1c; Tiantan vs. BraTS: Pearson’s r =
122 0.914, CI=[0.888, 0.934]; Tiantan vs. UPenn: Pearson’s » = 0.833, CI =[0.786, 0.870]; BraTS vs.
123 UPenn: Pearson’s » = 0.946, CI = [0.930, 0.959]). These correlations were significantly greater
124 than expected by chance (spin test, 10,000 permutations; all one-sided Pspin < 0.001, false
125  discovery rate (FDR) corrected), indicating a shared functional pattern in glioma growth

126  preference across ethnically diverse patient populations.

a Examples of glioma locations
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BraTS (n = 345)

UPenn (n = 135)
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128  Fig. 1| Anatomical distribution and functional connectivity pattern of gliomas. a, Examples of glioma
129  anatomical locations (purple) are shown on a standardized Montreal Neurological Institute (MNI) brain
130  atlas. b, Glioma anatomical location maps are displayed on brain surfaces (top, see Extended Data Fig. 2
131  for whole-brain surface map) and in volumetric space (bottom) for Tiantan (n = 830), BraTS (n = 345) and
132 UPenn (n = 135) datasets, respectively. The color scale indicates glioma anatomical overlap across patients,
133 representing the percentage of patients showing a glioma at each voxel. ¢, Glioma network maps, derived
134  from normative resting-state functional connectivity (RSFC) of glioma locations (see “glioma network
135  mapping” in Methods), are displayed for the three datasets (see Extended Data Fig. 2 for whole-brain
136  surface map), with Pearson’s correlation coefficients between the maps shown in the bottom (all one-sided
137 Pyin <0.001). The color scale reflects the overlap of glioma-connected networks across patients, calculated
138 as the percentage of patients exhibiting significant functional connectivity between the glioma and a given
139 voxel.

140  The glioma network overlaps with the action-mode network

141 Given the high cross-dataset consistency of the glioma network, we constructed a comprehensive,
142 cortico-subcortical version by aggregating data from all 1,310 patients across the three datasets
143 (Fig. 2a-c). The spatial topography of the overall glioma network was highly stable across a range
144 of statistical thresholds used to define functionally-connected regions (i.e., [t| > 5, 7, and 9), with
145 strong spatial correlations between the resulting network maps (all Pearson’s » > 0.950, P < 0.001,
146  FDR-corrected; Extended Data Fig. 3). In the cerebral cortex, the glioma network was mainly
147 localized to the dorsal anterior cingulate cortex, anterior insula, and supramarginal gyrus (Fig. 2a;
148 see Supplementary Table 4 for foci coordinates). In the cerebellum, the network encompassed an
149 anterior portion (lobes IV, V, and VI) and a posterior portion (lobes VIIIA and VIIIB; Fig. 2b and

150  Supplementary Table 4). Within the subcortical nuclei, the anterior putamen, globus pallidus and

151  dorsal thalamus exhibited strongest glioma connectivity (Fig. 2c and Supplementary Table 4).

152 To further assess the functional relevance of the glioma network, we computed a glioma risk score
153 for each brain voxel by measuring cross-individual overlap in the glioma-connected network, then
154  evaluated this score within seven canonical networks from a standardized functional atlas (see

155  Methods and Extended Data Fig. 4 for detailed atlas and scores across the cortex, cerebellum, and

Page 7 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

156 subcortex)’*°. The AMN exhibited the highest glioma risk score (0.445 + 0.276), followed by the
157  SMN (0.299 = 0.385), which demonstrated significantly greater overlap with the glioma network
158  compared to other functional networks (Fig. 2d; two-tailed independent ¢-test, all P <0.001, FDR-
159  corrected). Within the SMN, the SCAN exhibited a glioma risk score nearly twofold higher (0.251
160  + 0.344) compared to the motor effector network (including foot, hand, and mouth regions; 0.146
161  +0.411; Extended Data Fig. 5). The visual network demonstrated the lowest glioma risk (-0.493

162 +0.354; see Supplementary Table 5 for glioma risk scores in other networks).

163 To account for potential variability across different tumor subtypes, we replicated the glioma
164  network mapping analysis in two subgroups, patients with low- versus high-grade gliomas (low-
165  grade: n =432, age = 38.9 £ 12.2 years; high-grade: n = 398, age = 49.5 + 15.2 years), and those
166  with isocitrate dehydrogenase (IDH)-mutant versus wild-type gliomas (IDH-mutant: n =477, age
167 = 41.7 = 12.6 years; IDH-wild: n = 353, age = 47.0 = 16.7 years). While some inter-group
168  differences were observed, the affected regions consistently overlapped with the AMN (Extended

169  Data Fig. 6 and Supplementary Table 5).
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171

172 Fig. 2 | The cortico-subcortical distribution of glioma connectivity and risk score. a, Glioma network
173 in the cerebral cortex based on all 1,310 patients from the Tiantan, BraTS and UPenn datasets (see
174  Supplementary Fig.2 for the cortical and subcortical maps with different thresholds). The color scale
175 reflects the overlap of glioma-connected networks across patients, calculated as the percentage of patients
176  exhibiting significant connectivity between the glioma and a given voxel. b Glioma network in cerebellar
177  regions (flat map). ¢ Glioma network in subcortical regions. d, Glioma risk scores averaged in seven
178  canonical networks across the whole brain. The AMN (action-mode network) exhibits the highest glioma
179  risk score, followed by the SMN (somatomotor network; two-tailed independent ¢-tests with AMN or SMN,
180  *** P<0.001, FDR-corrected; see Extended Data Fig. 4 for detailed atlag>*> 7). In a-c, the AMN is outlined
181  in purple. Bars indicate mean and error bars indicate standard deviation, s.d. a: anterior. DA: dorsoanterior.
182 DP: dorsoposterior.

183  The AMN predicts the probability of glioma occurrence in new datasets

184  Building on the strong spatial correspondence between the glioma network and the AMN across
185  the cortex, subcortex, and cerebellum, we further investigated whether the AMN could predict the
186 location of gliomas in new datasets. We analyzed two independent datasets with more complex
187  glioma distributions: multifocal gliomas (n = 38, age = 52.4 + 14.9 years) and cerebellar gliomas
188  (n =49, age =43.2 + 17.2 years; Supplementary Table 1). The normative resting-state functional
189  connectivity (RSFC) of the AMN was used as a predictive indicator (see Methods). Strikingly, in
190  both datasets, all gliomas exhibited strong spatial overlap with the AMN (Fig. 3a, ¢). For multifocal
191  gliomas, 89.5% of patients (34/38) showed tumors overlapping with >50% of AMN regions, with
192 nearly one-third (31.6%, 12/38) demonstrating >75% overlap (Fig. 3b). Similarly, cerebellar
193 gliomas displayed even stronger alignment: 91.8% of patients (45/49) had >50% tumor-AMN

194  overlap, and nearly half (49.0%, 24/49) exceeded 75% overlap (Fig. 3d).

195  To investigate the specificity of the prediction, we compared the performance of the AMN with
196  that of six canonical functional networks>*. Across both datasets, tumor locations exhibited
197  significantly stronger alignment with the AMN than with any other network (two-tailed paired #-

198 test, all P <0.001, FDR-corrected; Extended Data Fig. 7a, b). To further determine whether these
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199  spatial correspondences beyond chance levels, we performed a glioma-null permutation test (1,000
200  permutations; see Methods and Extended Data Fig. 7c). In both datasets, observed AMN-tumor
201  overlap ratios significantly exceeded those derived from randomly positioned, volume-matched
202 control regions of interest (ROIs). For multifocal gliomas, the mean overlap with AMN was 68.9%
203 £ 13.2%, compared to 47.4% + 1.9% under the null model (Pperm. < 0.001; Extended Data Fig. 7d).
204  In the cerebellar dataset, the observed AMN-tumor overlap was 71.0% = 6.0%, relative to 50.4%
205  £4.0% in the null distribution (Pperm. = 0.006; Extended Data Fig. 7e). These findings support that

206  AMN is a robust predictor of glioma occurrence, even in anatomically complex cases.
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208  Fig. 3 | Prediction of glioma occurrence in independent datasets with complex tumor distributions. a,
209  Examples of multifocal gliomas (black outline) overlaid on the AMN-connected regions. Functional
210  connectivity with the AMN is shown in the brain volume. b, The AMN predicts multifocal glioma
211 occurrence (n = 38, age = 52.1 = 13.0 years), with 34 patients (89.5%) exhibiting more than 50% AMN-
212 tumor overlap, and 12 patients (31.6%) surpassing 75% overlap. ¢, Examples of cerebellar gliomas (black
213 outline) overlaid on the AMN functional connectivity regions, masked by the cerebellar region. d, The
214 AMN predicts cerebellar glioma occurrence (n = 49, age = 43.2 + 17.2 years), with 45 patients (91.8%)
215 having more than 50% of their tumor volume within AMN regions, and 24 patients (49.0%) showing over
216  75% overlap.
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217 Overlap between glioma and the AMN predicts survival times

218 We hypothesized that gliomas with greater involvement of the AMN would be associated with
219  poorer clinical outcomes, thus AMN-tumor overlap may serve as a prognostic marker for patient
220  survival. To test this, glioma patients with available survival data from two independent datasets
221 (Tiantan and UPenn; see Supplementary Table 6 for demographics) were stratified into high- and
222 low-overlap groups based on the AMN-FC-weighted overlap score (see Methods). The cutoff
223 threshold for stratification was independently determined in each dataset using maximally selected
224 rank statistics’® (see Supplementary Fig. 3 and Methods for details). Kaplan-Meier survival
225  analysis demonstrated that, across both datasets, high-overlap patients had significantly shorter
226  overall survival than low-overlap patients (Fig. 4a, c). In the Tiantan dataset (n = 164, age = 45.4
227  +13.1 years), high-overlap patients (n = 75, age = 46.0 = 13.6 years; AMN-FC-weighted overlap
228  score: 0.160 £+ 0.041) had a median overall survival time of 28.50 months, markedly shorter than
229  the 50.34 months observed in the low-overlap patients (n = 89, age =44.9 + 12.7 years; AMN-FC-
230  weighted overlap score: 0.066 + 0.026; log-rank test for Kaplan-Meier survival analysis, P =
231 0.0010; Fig. 4a). Univariate Cox regression further confirmed the prognostic significance of the
232 AMN-tumor overlap (hazard ratio (HR) = 1.906, P = 0.0012, confidence interval (CI) = [1.290,
233 2.815]). In addition, age (HR = 1.022, P = 0.0061, CI = [1.006, 1.037]) was also a significant
234 predictor of survival (Error band represent 95% CI, Fig. 4b; see Supplementary Table 7 for details
235  on all variables). After adjusting for potential confounders including age, gender, glioma grade
236 and tumor volume, multivariate Cox regression identified the AMN-FC-weighted overlap score as
237  astrong predictor of overall survival (HR =1.829, P=0.0025, CI1=[1.236, 2.707]; Supplementary

238  Table 7).
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The UPenn dataset (n = 121, age = 60.5 £ 10.5 years) comprised an older patient cohort with a
higher prevalence of glioblastomas®. Kaplan-Meier analysis similarly revealed that the high-
overlap patients (n =43, age =61.6 = 9.20 years; AMN-FC-weighted overlap score: 0.168 £0.061)
had a median survival of 11.97 months, significantly shorter than 15.73 months in the low-overlap
patients (n = 78, age = 59.9 + 11.7 years; AMN-FC-weighted overlap score: 0.043 + 0.033; log-
rank test for Kaplan-Meier survival analysis, P = 0.0023; Fig. 4c). Univariate Cox regression
identified both the AMN-FC-weighted overlap score (HR =1.803, P=0.0027, C1=[1.227, 2.650])
and age (HR =1.022, P=0.010, CI1=[1.005, 1.039]) as significant predictors of survival (Fig. 4d).
After controlling for age, gender, and tumor volume, multivariate analysis showed that AMN-FC-
weighted overlap score remained a highly significant predictor (HR = 1.798, P = 0.0030, CI =

[1.220, 2.650]; Supplementary Table 7).
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Fig. 4 | Prediction of patient survival time by AMN-FC-weighted overlap score. a, Kaplan-Meier
survival curves comparing overall survival between high and low AMN-FC-weighted groups in the Tiantan
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253  dataset (n = 164, age = 45.4 + 13.1 years). High-overlap patients (red; n = 75, age = 46.0 + 13.6 years;
254  AMN-FC-weighted overlap score: 0.160 £ 0.041; median survival time: 28.50 months) exhibited
255  significantly shorter survival compared to low-overlap patients (orange; n = 89, age = 44.9 + 12.7 years;
256  AMN-FC-weighted overlap score: 0.066 + 0.026; median survival time: 50.34 months) (log-rank test, P =
257 0.0010). Vertical ticks indicate censored events; shaded error bands represent 95% confidence intervals
258  (CIs). b, Forest plot showing results from univariate Cox regression analysis in the Tiantan dataset. A higher
259  AMN-FC-weighted overlap score demonstrated a significantly elevated hazard of death (HR = 1.91, P =
260  0.0012, CI =[1.29, 2.82]) relative to the low-overlap group. Age was also a significant predictor (HR =
261 1.02, P = 0.0061, CI = [1.01, 1.04]). Gender and tumor volume were not significantly associated with
262  survival. Hazard ratios are indicated by filled circles, and whiskers represent 95% Cls. ¢, Kaplan-Meier
263  survival curves comparing overall survival in the UPenn dataset (n = 121, age = 60.5 & 10.5 years). High-
264  overlap patients (red; n = 43, age = 61.6 = 9.20 years; AMN-FC-weighted overlap score: 0.168 = 0.061;
265  median survival time: 11.97 months) exhibited significantly shorter overall survival than low-overlap
266  patients (orange; n =78, age = 59.9 + 11.7 years; AMN-FC-weighted overlap score: 0.043 £ 0.033; median
267  survival time: 15.73 months) (log-rank test, P =0.0023). d, Forest plot showing results from univariate Cox
268  regression analysis in the UPenn dataset. A high AMN-FC-weighted overlap score was associated with a
269  significantly increased hazard of death (HR =1.80, P=0.0027, C1=[1.23, 2.65]). Age was also a significant
270  predictor (HR =1.02, P=0.010, CI=[1.01, 1.04]). Gender and tumor volume did not show an association
271  with survival time. Full regression results are provided in Supplementary Table 7.

272 Acetylcholine transporter is dense within the glioma network

273 Emerging evidence from calcium imaging and transcriptomic analyses indicate that acetylcholine
274 (ACh) modulates glioma cell migration and tumor progression via the M3 metabotropic receptor
275 (CHRMB3)*24% We obtained surface-based maps for 18 neurotransmitter receptors and

276  transporters from the Neuromap toolbox>!-?

and assessed their correlations with the glioma
277 network. The vesicular acetylcholine transporter (VAChT), which is predominantly localized
278 within the AMN (purple-highlighted dots in Fig. 5a) and plays a crucial role in the release of ACh
279  at synaptic terminals, exhibited the highest positive correlation (Fig. 5a; Pearson’s » = 0.652, one-
280  sided Pspin = 0.009, CI1 =[0.564, 0.722], spin test with 10,000 permutations, FDR-corrected). The
281  glioma network showed significant spatial correlation with the densities of two additional
282  neurotransmitter transporters (one-sided Pspin < 0.05, FDR-corrected; Fig. 5b), including serotonin

283 transporter 5-HTT (Pearson’s » = 0.498, Pgpin = 0.041, CI = [0.390, 0.593]) and dopamine

284  transporter DAT (Pearson’s » = 0.472, Pgpin = 0.048, CI1 =[0.362, 0.571]). In contrast, the GABA
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285  receptor (GABAA/Bz) exhibited negative spatial correlation with the glioma network (Pearson’s r
286  =-0.317, Pspin = 0.238, CI = [-0.191, -0.433]).

287

288  The glioma network is associated with action

289  To characterize the functional properties of the glioma network, we matched the network to 1,334
290  functional activation patterns within the Neurosynth meta-analysis database®. After excluding
291  purely anatomical functional patterns, we generated a word cloud highlighting behavior-related
292 functional patterns that were significantly correlated with the glioma network (Pearson’s »>0.100,
293 P<0.001, FDR-corrected; Supplementary Fig. 4). Functional maps of the eight most significantly
294  correlated patterns all involved action-related neural systems (Fig. 5c), which can be organized
295 into three types. The first type centered on action-modulatory feedback processing, exemplified
296 by 'pain' (Pearson’s »=10.430, CI=[0.408, 0.451]) and ‘noxious’ (Pearson’s »=0.276, C1 =[0.252,
297 0.300]). The second type comprised core motor execution components: ‘motor’ (Pearson’s r =
298  0.319, CI =10.295, 0.343]), ‘speech production’ (Pearson’s » = 0.282, CI = [0.258, 0.306]) and
299  ‘movement’ (Pearson’s » = 0.272, CI = [0.247, 0.296]). The final type included sensory-motor
300  integration systems, such as ‘somatosensory’ (Pearson’s » = 0.365, CI = [0.342, 0.388)),
301 ‘sensorimotor’ (Pearson’s » = 0.299, CI1 =[0.275, 0.323]) and ‘auditory’ (Pearson’s » = 0.284, CI
302 =[0.260, 0.308]) processing domains. These results demonstrate that the glioma network engages

303  a functional circuitry essential for action initiation, execution and feedback.

304
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306 Fig. 5 | Neurochemical and functional signatures of the glioma network. a, Cortical surface
307  visualization of the glioma network map and the distribution of VAChT density derived from PET imaging
308  using the radiotracer '®F-fluoroethoxybenzovesamicol (FEOBV; 213 parcels, see Supplementary Fig.5 for
309  details). The glioma network shows a significant spatial correlation with VAChT density (Pearson’s r =
310 0.652, one-sided Pspin = 0.009, CI = [0.564, 0.722], spin test with 10,000 permutations). Surface parcels
311  belonging to the AMN are highlighted as purple dots in the scatter plot. b, Bar plot illustrates the spatial
312 similarity between the glioma network and density maps of 18 neurotransmitter receptors/transporters. The
313 top three maps with significant correlations are highlighted in red (** Pspin < 0.01, * Pgpin < 0.05, FDR-
314  corrected; one-sided), including transporters related to acetylcholine, serotonin and dopamine. ¢, Spatial
315  similarity between the glioma network and the top eight behavior-related functional activation maps from
316  the NeuroSynth database (*** P < 0.001, FDR-corrected). For b, serotonin transporter (5-HTT), receptor
317 (5-HTia, 5-HTig, 5-HT24, 5-HT4, 5-HTs). Dopamine transporter (DAT), receptor (D1, D2). Norepinephrine
318  transporter (NET). Histamine receptor (Hs). Acetylcholine transporter (VACHT), receptor (Mi, a4f32).
319  Cannabinoid receptor (CBj). Opioid receptor (MOR). Glutamate receptor (mGluRs). GABA receptor
320  (GABAAagz).

321  Discussion

322 AMN as a highly active and functional substrate for glioma growth
323 The emerging field of cancer neuroscience represents a paradigm shift, moving from an exclusive
60-68

324  focus on tumors to an exploration of the intricate interactions between gliomas and the brain

325  Recent studies demonstrated that extensive neurotransmitter-mediated glioma-neuron crosstalk
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326  establishes permissive neural circuits that promote tumorigenesis and progression®!2”%:. Glioma
327  cells could rapidly integrate into long-range functional circuits even in contralateral cortex>"""°. It
328  is not surprising that it can induce widespread functional alterations not only in the tissue adjacent
329  to the lesion but also in distant brain regions’"’?. The body of evidence supports the notion that
330  glioma should be regarded as a neurological disease affecting the entire brain, and gliomas, in turn,

331  may be affected by functional activities!'®6%7374,

332 By leveraging RSFC, we identified the AMN as a critical functional nexus for glioma pathogenesis.
333 This association may be driven by three interrelated mechanisms. First, as a hub of action-related
334 neural processing, the AMN exhibits tonically elevated metabolic demand, while awake®>.
335  Active neurons in this network release activity-dependent neurotransmitters such as acetylcholine,
336  dopamine, and serotonin®'">*?’, Glioma cells express receptors for these neurotransmitters, which
337  can promote a more motile phenotype conducive to glioma growth?'?32775 Second, the brain
338 exhibits significant inter-regional heterogeneity in cellular composition and associated immune

339 landscapes’®7®,

Notably, neuronal activity dynamically regulates microglial function via
340  norepinephrine signaling”’. In awake state, microglia display reduced arborization and restricted
341  surveillance territories compared to anesthetized conditions. Elevated neuronal firing suppresses
342 microglial motility and immune surveillance®’. This suggests that the AMN, as a hub of sustained
343 activity during wakefulness, may exhibit heightened immunosuppressive microenvironments.
344  Third, task-evoked neural activity in the AMN may induce transcriptional changes. Neuronal
345  activity-dependent secretion of neuroligin-3 (NLGN3) has been shown to upregulate oncogenic
346  pathways, including the proto-oncogene FOS, and to enhance NLGN3 expression within glioma

347 cells!128182 Concurrently, acetylcholine accumulation in the AMN can trigger the expression of

348  immediate early genes (e.g., FOS and FOSB, EGR1), nuclear transcription factors associated with
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349 Ca®' oscillations and epigenetic regulators’!. These mechanisms suggest that the AMN activity
350  may contribute to the aberrant transcription of oncogenes, potentially acting in concert with pre-

351  existing driver mutations to promote glioma initiation and progression.

352 AMN dysfunction as a mechanism underlying glioma-related symptoms

353  We identified that the glioma network mainly supported action-related processing (Fig. 5¢), from
354  sensory-motor integration, movement execution to behavioral adaptation through feedback. This
355  functional property provides a neural substrate explaining the prevalence of action-related clinical
356  symptoms in glioma patients. Notably, our findings demonstrate striking convergence with the
357 2020 US National Cancer Institute proposed core patient-reported outcomes for gliomas®; these
358  clinical markers, e.g., communication deficits, aphasia, and physical dysfunction, show alignment
359  with functional domains identified in our analyses including 'auditory', 'speech production', and
360  'motor' (Fig. 5a). In addition, approximately 25% of glioma patients report chronic bodily pain®,
361  potentially stemming from glioma-induced dysfunction of pain-processing pathways. Beyond pure
362  symptoms (e.g., aphasia and motor deficits), our results shed light on the frequent neuropsychiatric
363 comorbidities (weakness, fatigue, apathy and abulia)®>¢ that conventional lesion models struggle
364  toexplain. We propose these manifestations may represent network-level dysfunction of the AMN,
365  the principal neural substrate for sustaining high-arousal states essential for action®?. Intriguingly,
366  our model also offers a novel pathophysiological mechanism for the poorly understood prevalence
367  of axial somatic symptoms (nausea, dyspnea, constipation) in glioma populations®*. The AMN-
368  connected SCAN*! governing axial movement coordination, may undergo glioma-mediated
369  disorganization, potentially disrupting the ability of gastrointestinal motility, respiratory

370 modulation, and visceral sensory processing.
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371  AMN as a therapeutic intervention target

372 Glioma cells exhibit functional integration into neural circuits by receiving and processing diverse
373 neurotransmitter signals®!’. While glutamatergic synaptic connectivity between neurons and
374  glioma cells has been well-documented'*, recent studies have identified cholinergic synapses as a

375  critical neuron-glioma communication interface?!*>

. Specifically, ACh signaling through
376  muscarinic receptors (e.g., CHRM3) promotes tumor progression by enhancing migratory capacity
377  and inducing transcriptional reprogramming. Our spatial mapping strengthens this mechanistic
378  link, demonstrating a significant positive correlation between the distribution of VAChT and the
379  glioma network topology (Fig. 5a). Importantly, preclinical studies demonstrate that CHRM3

380  knockdown suppresses glioma migration and extends survival in murine models?!2*

, positioning
381  cholinergic signaling as a promising therapeutic target. In addition, we observed spatial enrichment
382 of dopamine and serotonin transporter clusters within the AMN (Fig. 5b). It showed concordance
383  with previous studies that report a reduced glioblastoma incidence and improved survival
384  outcomes in schizophrenia patients receiving antipsychotic therapy targeting dopamine and
385  serotonin receptors®’-%¥. These findings suggest that, beyond cholinergic synapses, dopamine and

386  serotonin signaling in the AMN may serve as actionable therapeutic targets in glioma treatment,

387  warranting further systematic investigation.

388  Recently, emerging nonsurgical and nonpharmacologic interventions, such as tumor-treating
389 fields®*®! and chimeric antigen receptor T-cell therapy®*®’, have been evaluated as adjuncts to
390  standard glioma treatments (surgery, radiation and chemotherapy). Most of these approaches
391  primarily focus on direct tumor targeting”®°2. Here, the association between the AMN and glioma
392 distribution presents a new therapeutic premise: modulation of neuronal activity within the

393  AMN—even within regions distant from the tumor—may inhibit glioma progression by

Page 18 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

394

395

396

397

398

399

400

401

402

403

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

suppressing neuron-glioma synaptic communication. This network-based therapeutic rationale
suggests that noninvasive brain stimulation techniques could offer therapeutic potential by altering
synaptic transmission. A preliminary clinical investigation employing transcranial direct current
stimulation in glioma patients demonstrated significant hemodynamic alterations, evidenced by a
36% reduction in intratumoral cerebral blood flow (CBF)’®. While this intervention targeted tumor
tissue directly, it provided crucial preliminary evidence regarding the feasibility and safety of
neuromodulation in glioma. Given the established efficacy of neuromodulation techniques in

99-106

altering functional connectivity , strategic targeting of AMN, rather than focusing solely on

tumor mass, may suppress neuron-glioma interactions and ultimately slow tumor growth.
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404
405  Extended Data Fig. 1 | Framework of the glioma network mapping algorithm. a, Glioma

406  network mapping was performed using three independent datasets: Tiantan (n = 830), BraTS (n =
407  345)197110 and UPenn (n = 135)'"!, which were combined into an overall dataset (n = 1,310). b,
408  For each patient’s glioma region of interest (ROI), resting-state functional connectivity (RSFC)
409  was computed using rs-fMRI data from 1,000 healthy participants in the Brain Genomics
410  Superstruct Project (GSP) connectome!'2. The average BOLD (blood-oxygenation level dependent)
411  signal time series within the glioma ROI was correlated with the time series of all other brain
412 voxels, and the resulting correlation coefficients were transformed to z-scores using Fisher’s r-to-
413 z transformation. Voxel-wise one-sample 7-tests were then performed across all RSFC maps, and
414 FDR correction (P <0.01) was applied to generate patient-specific #-maps. ¢, To define the glioma
415  network map, each patient-specific ~-map was thresholded at |¢| > 5 and binarized to identify
416  regions of significant positive (¢ > 5) and negative (¢ < -5) connectivity. The overlap ratio of
417  positive connectivity across patients was computed to construct the glioma network. Negative
418  connectivity was also included and combined with positive results to calculate the glioma risk
419  score, which quantifies the likelihood that a given voxel is anti-correlated with glioma-prone
420  regions. A higher positive score indicates a greater likelihood of glioma occurrence in that voxel.

421  The final maps were registered to the fsaverage6 cortical surface for visualization.
422
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a Glioma location map
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Extended Data Fig. 2 | Surface maps of glioma location and network. a, Whole-brain surface
maps of glioma anatomical locations from three independent datasets: Tiantan (» = 830), BraTS
(n = 345), and UPenn (n = 135). The color in the glioma location map represents the cross-
individual anatomical overlap of the gliomas. b, Whole-brain surface maps of glioma networks
derived from glioma network mapping for each dataset (see Methods). The color in the glioma
network map represents the cross-individual functional overlap of the gliomas.
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Extended Data Fig. 3 | Overall glioma network maps across different threshold cut-offs.
Patient-specific ~-maps were binarized using three different positive connectivity thresholds (=5
[reported in-text], t = 7, and ¢ = 9). For each threshold, functional overlaps were computed across
patients within our glioma dataset to generate the overall glioma network map (n = 1,310; see
Methods). The resulting glioma network maps showed high spatial consistency across thresholds
(Pearson’s r=0.983 betweent=5and =7, P<0.001, CI =[0.982, 0.984], uncorrected; Pearson’s
r=0.957betweent=5andt=9, P<0.001, CI=[0.955, 0.959], uncorrected).
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443  Extended Data Fig. 4 | Distribution of glioma risk scores across canonical networks in cortex,
444  cerebellum and subcortex. a, Glioma risk scores mapped to the cerebral cortex, defined as the
445  cross-participant overlap of glioma network connectivity (positive values) and anti-correlations
446  (negative values). b, resting-state functional connectivity (RSFC)-derived seven-network atlas of
447  the cerebral cortex>*. ¢, Glioma risk scores in the cerebellum (flat map). d, RSFC-derived seven-
448  network atlas of the cerebellum™. e, Glioma risk scores in subcortical regions. f, RSFC-derived
449 seven-network atlas of the subcortex>®*’. g, Mean glioma risk scores across canonical functional
450  networks in the cortex (top), cerebellum (middle), and subcortex (bottom). In the cortex, the
451  action-mode network (AMN) shows the highest glioma risk score, followed by the somatomotor
452 network (SMN). In the cerebellum, the SMN shows the highest score, followed by the AMN. In
453 the subcortex, the AMN exhibits the highest score, followed by the SMN. All comparisons are
454  based on two-tailed independent #-tests versus AMN or SMN (***P <(.001, FDR-corrected). Full
455  values for each network are provided in Supplementary Table 5. For g, action-mode network
456  (AMN). Somatomotor network (SMN). Limbic Network (LMB). Dorsal attention Network
457 (dATN). Default-mode Network (DMN). Frontoparietal network (FPN). Visual Network (VIS).
458

459
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Extended Data Fig. 5 | Distribution of glioma network map across action-mode network
(AMN), somato-cognitive action network (SCAN), and motor effector network. a, Surface-
based glioma network map overlaid on the cerebral cortex. The AMN is outlined in purple, the
SCAN in red, and the motor effector network (including foot, hand, and mouth regions) in grey.
b, Glioma risk scores averaged across these cortical networks. The AMN (0.508 + 0.230) exhibits
the highest glioma risk score, followed by the SCAN (SCAN: 0.251 + 0.344; motor effector
network: 0.146 + 0.414; two-tailed independent t-tests with AMN or SCAN, *** P<0.001, FDR-
corrected).
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Extended Data Fig. 6 | Similarity of glioma network maps across glioma grades and IDH
(isocitrate dehydrogenase) subtypes. a, Spatial similarity between low- and high-grade glioma
network maps derived from the Tiantan dataset (n = 830), with statistical significance evaluated
using the spin test. b, Box plots showing the glioma risk score of glioma network maps within the
cortical functional networks for low-grade (n = 432, age = 38.9 = 12.2 years) and high-grade
groups (n = 398, age = 49.5 £ 15.2 years). Among all networks, the AMN (0.572 + 0.178, low-
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grade; 0.470 £ 0.298, high-grade) exhibits the highest functional overlap, followed by the SMN
(low-grade: 0.222 + 0.450; high-grade: 0.294 + 0.395). ¢, Spatial similarity between IDH mutant
and wild type glioma network maps derived from the Tiantan dataset (n = 830), with statistical
significance assessed using the spin test. d, Box plots showing the glioma risk score of glioma
network maps within the cortical functional networks for IDH-mutant (n = 477, age =41.7 + 12.6
years) and IDH wild (n = 353, age = 47.0 £ 16.7 years). Similar to grade subgroups, the AMN
(mutant type: 0.599 £ 0.155; wild type: 0.403 + 0.340) demonstrates the highest functional overlap,
followed by the SMN (mutant type: 0.285 + 0.423; wild type: 0.187 + 0.430). Statistical
comparisons for AMN or SMN were performed using two-tailed independent t-tests (all *** P <
0.001, FDR-corrected). The detailed values of the glioma risk scores in the seven networks of
cerebral cortex, cerebellum and subcortex are given in Supplementary Table 5.
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492  Extended Data Fig. 7 | Network comparison and permutation tests for multifocal and
493 cerebellar gliomas. a, Ratios of canonical functional network regions located within multifocal
494  gliomas. Each dot represents one patient; dashed line marks 50% network coverage within tumor
495  regions. Across networks, tumors exhibited significantly greater overlap with the action-mode
496  network (AMN) than with any other canonical network (two-tailed paired #-test, all P < 0.001,
497  FDR-corrected). b, Ratios of canonical functional network regions located within cerebellar
498  gliomas. Tumor locations showed significantly stronger alignment with the AMN than with any
499  other network (two-tailed paired #-test, all P < 0.001, FDR-corrected). ¢, Process of the glioma-
500  null model permutation test. Each of the N gliomas was paired with N randomly placed null models
501  with identical size and number. A two-tailed paired #-test was conducted between gliomas and
502 their corresponding null models, iterating 1,000 times to assess statistical significance. d, The
503  AMN-tumor overlap ratios of 38 multifocal glioma patients (orange) were compared to the mean
504  AMN-tumor overlap ratios of their 38 null models (blue) across 1,000 permutations (multifocal
505  gliomas: 68.9% + 13.2% versus null model: 47.4% + 1.9%, Pperm. < 0.001). e, The AMN-tumor
506  overlap ratios of 49 cerebellar glioma patients (orange) were compared to the mean AMN-tumor
507  overlap ratios of their 49 null models (blue) across 1,000 permutations (cerebellar glioma: 71.0%
508 £ 6.0% versus null model: 50.4% + 4.0%; Pperm. = 0.006). Each line represents one patient.

509
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510 Methods

511  Patient demographics and clinical characteristics

512 This study included five independent datasets comprising a total of 1,397 glioma patients. The
513  demographic and clinical characteristics of these patient samples are presented in Supplementary

514 Table 1.

515  The Tiantan, Cerebellar glioma and Multifocal glioma datasets were retrospectively collected from
516  patients at the Tiantan Hospital, Capital Medical University, China, between 2015 and 2023, with
517  no overlapping patients across the datasets. Patients in these three cohorts underwent routine
518  preoperative MRI, including T1-weighted imaging (T1w), contrast-enhanced T1-weighted
519  contrast-enhanced imaging (T1-CE), T2-weighted imaging (T2w), and T2-weighted fluid-
520  attenuated inversion recovery imaging (T2-FLAIR). The Tiantan dataset included patients with
521  single cortical gliomas, while the Cerebellar and Multifocal Glioma datasets comprised those with
522 gliomas in the cerebellum and multiple brain regions, respectively. Inclusion criteria were as
523 follows: 1) histological confirmation of gliomas according to the 2021 World Health Organization
524  classification criteria'!®; 2) availability of routine preoperative MRI data. Exclusion criteria
525  included: 1) history of prior brain tumor surgery; 2) inability to undergo MRI scanning. Informed
526  consent was obtained from all participants, and the retrospective analysis was approved by the

527  Institutional Review Board of Tiantan Hospital.

528  In addition, two publicly available datasets were included in this study, for which preprocessed
529  glioma segmentation masks were provided. The BraTS dataset, obtained from the Multimodal
530  Brain Tumor Image Segmentation Challenge 2021 (http://braintumorsegmentation.org)'®’1,

531  consisted of 345 cortical glioma patients from multiple institutions. The UPenn dataset, sourced

532 from the University of Pennsylvania Health System
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533 (https://brain.labsolver.org/upenn_gbm.html)''!, included 145 patients diagnosed with cortical
534  glioblastoma. Due to failed image registration in 10 cases, a total of 135 patients were included in

535  our analysis.

536 Glioma location overlap

537  Gliomas in the Tiantan, Cerebellum and Multifocal datasets were manually segmented on T2-
538  weighted fluid-attenuated inversion recovery (T2-FLAIR) MRI scans by two board-certified
539  neuroradiologists using MRIcroN v1.0''*. Segmentation was based on consensus readings,
540  following protocols established in our previous study?’. Regions with abnormal hyperintense
541  signals on T2-FLAIR images were identified as glioma tissue. These initial segmentations were
542 subsequently reviewed and refined by a senior neuroradiologist to define definitive glioma
543 boundaries. For the BraTS and UPenn datasets, glioma masks were segmented based on multi-
544  modal imaging, including Tlw, T1-CE, T2w, and T2-FLAIR scans'""!'!. BraTS masks were
545  publicly available, generated by fusing top-performing algorithms from previous BraTS

115-118

546  challenges , and manually refined by board-certified neuroradiologists. For the UPenn dataset,

115-118

547  glioma masks were segmented automatically using BraTS challenge algorithms and visually

548  inspected, with manual corrections applied as required.

549  To investigate the spatial distribution of gliomas across specific brain regions, all glioma masks
550  were mapped to a 1-mm spatial resolution volumetric template (the FSL-version of the MNI
551  ICBM152 nonlinear template) with a 12-degree-of-freedom linear transformation (FSL v6.0)!!"°.
552 The standardized glioma masks were then merged to generate a spatial overlap heatmap of gliomas

553  for each dataset, where each voxel represents the frequency of glioma occurrence. These voxel-

554  based maps were finally registered to the surface-based fsaverage standard space using FreeSurfer.
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555  Glioma network mapping

556  We adapted lesion network mapping*->* and proposed a glioma network mapping approach
557  (Extended Data Fig. 1) to investigate the functional correlations between gliomas with specific
558  brain networks. This approach enables quantification of the brain-wide functional connectivity of
559  glioma locations using normative resting-state functional MRI (rs-fMRI) data from 1,000 healthy
560  individuals from the Brain Genomics Superstruct Project (GSP)'!2. Rs-fMRI data were

561  preprocessed using DeepPrep'?’-'1#2

, with the same parameter settings as in our previous
562 studies'?*!>*, Each glioma lesion was defined as a region of interest (ROI). For each healthy
563  participant, the mean BOLD time series within the glioma ROI was extracted and correlated with
564  the time series of every other brain voxel, yielding individual RSFC maps. These correlation
565  coefficients were then normalized using Fisher’s r-to-z transformation. Voxel-based one-sample
566  t-tests were then performed on the z-values across all 1,000 participants, and FDR correction (P <
567  0.01) was applied to the z-values to generate a glioma ROI-specific ~-map. The ¢t-values quantified

568  the strength and consistency of the functional connectivity between the glioma and the rest of the

569  brain.

570  We then thresholded the corrected maps at [¢f| > 5 to binarize the functional connections: voxels
571 with ¢ > 5 were defined as positively connected to the glioma, while those with 7 < -5 were defined
572 as negatively connected (anti-correlated). We then computed the overlap ratio of positive
573  functional connectivity across all patients to derive the glioma network. To better quantify the
574  network’s functional subdivisions, we also calculated the overlap ratio of negative functional
575  connectivity. Both the positive connectivity and anti-correlations of the glioma network were
576  integrated to generate the glioma risk score. A higher positive score indicates a greater likelihood

577  of glioma occurrence in that voxel, while a higher negative score suggests a lower probability. To
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578  assess the robustness of our findings, we repeated the analysis using higher threshold values (|¢| >

579 7 and |¢f| > 9) and evaluated result consistency via spatial Pearson correlation coefficients.

580  Correlation with distinct brain networks

581  To investigate whether the glioma network preferentially aligns with specific functional brain
582 networks, we mapped the constructed glioma network onto a canonical resting-state functional
583  connectivity (RSFC)-derived atlas encompassing the cerebral cortex, cerebellum, and subcortex.
584  The cortical, cerebellar, and subcortical parcellations were defined using publicly available atlases:
585 Yeo et al. (2011)°* for the cortex, Buckner et al. (2011)°° for the cerebellum, Choi et al. (2012)°
586  for the striatum atlas. We then analyzed the distribution of glioma risk scores within each of the
587  seven networks separately for the cortex, cerebellum, and subcortex, thereby obtaining the whole-

588  brain distribution of glioma risk scores.

589  These functional networks encompass the visual network (VIS), somatomotor network (SMN),
590  dorsal attention network (dATN), AMN, frontoparietal network (FPN), default-mode network
591  (DMN), and limbic network (LMB). The AMN has been proposed as a reconceptualization of the
592 ventral attention network (VATN), emphasizing its role in goal-directed behavior’?. For the
593  subcortex, the original seven-network atlas provided coverage for only the striatum. To ensure a
594  more comprehensive characterization, based on a topographic atlas derived from functional
595  gradients®’, we used rs-fMRI data from 1,000 healthy participants in the GSP'!?, and assigned the
596  thalamus, hippocampus, amygdala and globus pallidus to the most functionally relevant cortical
597  network through a winner-take-all classification based on its highest correlation with the mean
598  signal of the cortical seven networks. To mitigate potential signal contamination from adjacent

599  cortical areas, subcortical signals were regressed out to remove contributions from immediately
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600  adjacent cortical regions. For cerebellar glioma network maps, we registered them onto SUIT

601  space and visualized them using the SUITPy toolbox'?>.

602  Predicting the occurrence of multifocal and cerebellar gliomas

603  To assess the preferential localization of gliomas within the AMN, we applied this network to
604  predict glioma occurrence in independent datasets of multifocal gliomas (n = 38) and cerebellar
605  gliomas (7 =49). Normative resting-state functional connectivity (RSFC) pattern of the AMN was
606  used as a spatial predictor. For each patient, the overlap ratio between the tumor mask and the
607  AMN was calculated as the proportion of tumor voxels residing within the network relative to the
608  total tumor volume. We also compared the prediction with those derived from six other canonical
609  functional networks (sensorimotor [SMN], limbic [LMB], dorsal attention [dATN], default mode
610  [DMN], frontoparietal [FPN], and visual [VIS]). The resulting overlap ratios across networks were
611  compared using two-tailed paired #-tests, and P-values were corrected for multiple comparisons
612  using the false discovery rate (FDR) method. To further determine whether glioma localization
613  within the AMN exceeded chance levels, we employed a glioma-null model permutation test with
614 1,000 random permutations on the multifocal and cerebellar glioma datasets, respectively.
615  Specifically, we compared the AMN-tumor overlap ratio for actual glioma masks against those of
616  randomly positioned, null model-based ROIs within the cerebral or cerebellar regions. To ensure
617  the robustness of the results, the null model-based ROIs were volume-matched to the
618  corresponding glioma masks, and the number of tumors was matched identically to those observed
619  in multifocal gliomas. The statistical significance of the permutation test was assessed by
620  performing a two-tailed paired z-test for each iteration of the glioma-null model. The overall

621  significance was determined by the proportion of iterations yielding a P-value < 0.05.

622  Predicting survival times in glioma patients
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623  We performed survival analysis using two independent datasets: 164 patients from the Tiantan
624  dataset and 121 patients from the UPenn dataset, both of which contained explicit overall survival
625  data and censoring information (Supplementary Table 6). From the original UPenn dataset (n =
626  135), two patients were excluded due to missing survival or censoring information. An additional
627 12 patients aged over 80 years were excluded, considering the established prognostic role of age
628  in glioblastoma'?® and general life expectancy in the U.S.'?’. This yielded a final sample of 121

629  patients for analysis.

630  To stratify patients into two groups, we calculated the AMN-FC-weighted overlap score for each
631  patient. This score quantifies the extent of AMN-tumor overlap, weighted by the voxel-wise
632 strength of AMN RSFC within the overlapping region. Using maximally selected rank statistics®®,
633  we determined the optimal stratification threshold (cutoff = 0.10) to dichotomize patients into
634  high-overlap and low-overlap groups. This non-parametric approach systematically identifies the
635  threshold that maximizes the separation of survival distributions based on log-rank statistics.
636  Kaplan-Meier survival analyses were then performed separately for each dataset, and group
637  differences were evaluated using two-sided log-rank tests. To assess the prognostic relevance of
638  the overlap score relative to established clinical and molecular factors (age, sex, tumor volume,
639  glioma grade, IDH mutation status, and MGMT promoter methylation status), we conducted both

640  univariate and multivariate Cox proportional hazards regression analyses.

641  Spin-based null modeling of glioma-neurotransmitter spatial correlations

642  We leveraged the Neuromap toolbox (https://netneurolab.github.io/neuromaps/) to access density
643 maps for 18 neurotransmitter receptors and transporters derived from PET tracer studies®'>2. These
644  maps correspond to nine key neurotransmitter systems, including dopamine (D1, D2, DAT),

645  noradrenaline (NET), serotonin (5-HT1a, 5-HT1g, 5-HT2a, 5-HT4, 5-HTs, 5-HTT), acetylcholine
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646 (04P2, M1, VAChT), glutamate (mGluRs), GABA (GABAa/Bz), histamine (H3), cannabinoid (CB1),
647  and opioid (MOR). All density maps were registered to a cerebral atlas comprising 213 fine-
648  grained functional regions (see Supplementary Fig. 5 for the detailed atlas)!'>!2%12°  Spatial
649  similarity between the glioma network map and each neurotransmitter receptor/transporter
650  distribution was then calculated using the Pearson correlation coefficient. To control for spatial
651  autocorrelation, we performed rotation-based null model (spin) permutation testing via the

652 BrainSpace toolbox'*°

. Vertex-wise glioma network maps were aligned to the fsaverage6 surface
653  template and rotated 10,000 times per hemisphere, with vertices rotated into the medial wall
654  excluded. These permutations preserved cortical spatial autocorrelation and topology while
655  randomizing anatomical alignment. Following each rotation, the spun glioma network map was
656  re-parcellated into a 213-region cortical atlas!'>!?%12° to calculate correlations with each
657  neurotransmitter density map. Statistical significance was defined as the proportion of permuted
658  correlations (|rspin|) that exceeded the observed correlation (|Fobservation|). P-values were corrected
659  for multiple comparisons across all 18 neurotransmitter systems using the false discovery rate

660  (FDR) method. Tracer references and full statistical results are provided in Supplementary Table

661 8.

662  Comparative functional pattern analytics

663  To characterize the cognitive and behavioral correlates of the glioma network, we conducted a
664  spatial meta-analytic comparison using the NeuroSynth database (https:/neurosynth.org/)>.
665  Neurosynth provides whole-brain activation maps for 1,334 functional patterns, which are derived
666  from large-scale meta-analyses of neuroimaging studies. These maps represent how fluctuations
667  in regional brain activity correspond to specific psychological processes. In our analysis, we

668  excluded anatomical (e.g., ‘insula’ and ‘cortical’) and repetitive patterns, focusing exclusively on
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669  cognitive and behavioral correlates. Voxel-wise Pearson correlation coefficients were used to
670  quantify the spatial similarity between the glioma network map and each functional spatial

671  phenotype map.

672  Data availability

673 The BraTS and UPenn datasets used in this study are publicly available at
674  http://braintumorsegmentation.org and https://brain.labsolver.org/upenn gbm.html, respectively.
675  All patient data supporting the findings of this study are available from the corresponding websites
676  upon reasonable request. The Tiantan, multifocal, and cerebellar glioma datasets are available
677  under restricted access, in accordance with the policies and procedures of Tiantan Hospital, Beijing,
678  China. Data access requests can be made by contacting Y.W. The normative rs-fMRI data from
679 GSP used for functional connectivity analyses are publicly available at
680  https://dataverse.harvard.edu/dataverse/GSP. The cortical, cerebellar, and striatum parcellation
681 atlases used for network-level analyses are publicly available online, including the Yeo et al. (2011)
682  cortical parcellation (https://surfer.nmr.mgh.harvard.edu/fswiki/CorticalParcellation Yeo2011),
683  the Buckner et al. (2011) cerebellar parcellation
684  (https://surfer.nmr.mgh.harvard.edu/fswiki/CerebellumParcellation Buckner2011), and the Choi
685 et al. (2012) striatum parcellation
686  (https://surfer.nmr.mgh.harvard.edu/fswiki/StriatumParcellation Choi2012). The volumetric
687  brain template is an ultrahigh-resolution ex-vivo brain in MNI space'?!, which is available at

688  https://datadryad.org/stash/downloads/file stream/182489.

689  Code availability
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690  The codes for the glioma network mapping algorithm and other analyses in this study are available
691  on GitHub at https://github.com/pBFSLab/Glioma AMN. Software packages incorporated into
692  the above code for data analysis included: Matlab R2020a, https://www.mathworks.com/; Python
693  v3.11.6, https://www.python.org; MRIcroN vI1.0, https://www.nitrc.org/projects/mricron;
694  Connectome Workbench v1.5, http://www.humanconnectome.org/software/connectome-
695  workbench.html; Freesurfer v6.0.0, https://surfer.nmr. mgh.harvard.edu/; FSL v6.0,
696 https://fsl.fmrib.ox.ac.uk/fsl/fslwiki; SUITPy toolbox,

697  https://github.com/DiedrichsenLab/SUITPy.

698  Acknowledgment

699  This work was supported by the Changping Laboratory (H.L.); National Institutes of Health grants
700  MHO096773 (N.U.F.D.), MH122066 (E.M.G., N.U.F.D.), MHI121276 (E.M.G., N.U.F.D.),
701  MHI124567 (E.M.G., N.U.F.D.), NS129521 (E.M.G., N.U.F.D.), and NS088590 (N.U.F.D.); the
702 Beijing Natural Science Foundation of China JQ23040 (Y.W), L241027 (Y.W.); the Intellectual
703  and Developmental Disabilities Research Center (N.U.F.D.); by the Kiwanis Foundation
704  (N.U.F.D.); and the Washington University Hope Center for Neurological Disorders (E.M.G.,

705 N.U.F.D.).

706  Author contributions

707 Conception: H.L., J.R. and W.C. Design: W.C., J.Z., Z.Y. and J.R. Data acquisition, analysis and
708  interpretation: W.C., J.Z, Z.Y., T.J., H.B., S.F., Z.C., X.F., EM.G., Y.W. and H.L. Manuscript
709  writing and revision: W.C.,J.Z., EM.G.,S.M., V.M.S.,S.S., D.W.,N.U.F.D., and H.L. All authors

710  approved the final manuscript.

711 Competing interests

Page 36 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

712

713

714

715

716

717

718

719

720

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

H.L. is the chief scientist of Neural Galaxy Inc. N.U.F.D. has a financial interest in Turing Medical
Inc. and may financially benefit if the company is successful in marketing FIRMM motion
monitoring software products. E.M.G. and N.U.F.D. may receive royalty income based on FIRMM
technology developed at Washington University School of Medicine and licensed to Turing
Medical Inc. N.U.F.D. is a co-founder of Turing Medical Inc. These potential conflicts of interest
have been reviewed and are managed by Washington University School of Medicine. Other

authors declare no conflict of interest regarding the publication of this work.

Page 37 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

721 References

722 1 Weller, M. et al. Glioma. Nature reviews Disease primers 10, 33 (2024).

723 2 Wen, P. Y. & Kesari, S. Malignant gliomas in adults. New England Journal of Medicine
724 359, 492-507 (2008).

725 3 Osswald, M. et al. Brain tumour cells interconnect to a functional and resistant network.
726 Nature 528, 93-98 (2015).

727 4 Douw, L., Reijneveld, J. C. & Mandal, A. S. Multiscale network perspectives on glioma:
728 from tumour biology to symptoms, survival and treatment. Nature Reviews Neurology, 1-
729 17 (2025).

730 5 Bray, F. et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and
731 mortality worldwide for 36 cancers in 185 countries. CA: a cancer journal for clinicians
732 74, 229-263 (2024).

733 6 Siegel, R. L., Kratzer, T. B., Giaquinto, A. N., Sung, H. & Jemal, A. Cancer statistics,
734 2025. Ca 75, 10 (2025).

735 7 Ostrom, Q. T. et al. Risk Factors For Childhood And Adult Primary Brain Tumors.
736 Neuro-Oncology, 11 (2019).

737 8 Ostrom, Q. T. et al. American brain tumor association adolescent and young adult

738 primary brain and central nervous system tumors diagnosed in the United States in 2008-
739 2012. Neuro-oncology 18, 11-150 (2016).

740 9 Ostrom, Q. T. et al. The epidemiology of glioma in adults: a “state of the science”

741 review. Neuro-oncology 16, 896-913 (2014).

742 10 Molinaro, A. M., Taylor, J. W., Wiencke, J. K. & Wrensch, M. R. Genetic and molecular
743 epidemiology of adult diffuse glioma. Nature Reviews Neurology 15, 405-417 (2019).

744 11 Venkatesh, H. S. et al. Neuronal activity promotes glioma growth through neuroligin-3
745 secretion. Cell 161, 803-816 (2015).

746 12 Venkatesh, H. S. et al. Targeting neuronal activity-regulated neuroligin-3 dependency in
747 high-grade glioma. Nature 549, 533-537 (2017).

748 13 Venkatesh, H. S. et al. Electrical and synaptic integration of glioma into neural circuits.
749 Nature 573, 539-545 (2019).

750 14 Venkataramani, V. ef al. Glutamatergic synaptic input to glioma cells drives brain tumour
751 progression. Nature 573, 532-538 (2019).

752 15 Zhang, X. et al. CHD2 Regulates Neuron—Glioma Interactions in Pediatric Glioma.

753 Cancer discovery 14, 1732-1754 (2024).

754 16 Venkataramani, V. ef al. Glioblastoma hijacks neuronal mechanisms for brain invasion.
755 Cell 185, 2899-2917. 2831 (2022).

756 17 Hausmann, D. ef al. Autonomous rhythmic activity in glioma networks drives brain

757 tumour growth. Nature 613, 179-186 (2023).

758 18 Krishna, S. et al. Glioblastoma remodelling of human neural circuits decreases survival.
759 Nature 617, 599-607 (2023).

760 19 Aabedi, A. A. et al. Functional alterations in cortical processing of speech in glioma-
761 infiltrated cortex. Proceedings of the National Academy of Sciences 118, €2108959118
762 (2021).

763 20 Cui, W. et al. Personalized fMRI delineates functional regions preserved within brain
764 tumors. Annals of neurology 91, 353-366 (2022).

Page 38 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

765 21 Sun, Y. ef al. Brain-wide neuronal circuit connectome of human glioblastoma. Nature,
766 doi:10.1038/s41586-025-08634-7 (2025).

767 22 Tetzlaff, S. K. et al. Characterizing and targeting glioblastoma neuron-tumor networks
768 with retrograde tracing. Cel/ 188, 390-411. €336 (2025).

769 23 Drexler, R. et al. Cholinergic neuronal activity promotes diffuse midline glioma growth
770 through muscarinic signaling. Cel/ (2025).

771 24 Sun, Y. ef al. Cholinergic neuron-to-glioblastoma synapses in a human iPSC-derived co-
772 culture model. Stem cell reports (2025).

773 25 Barron, T. ef al. GABAergic neuron-to-glioma synapses in diffuse midline gliomas.

774 Nature, 1-9 (2025).

775 26 Bernstock, J. D. et al. Gabapentinoids confer survival benefit in human glioblastoma.
776 Nature communications 16, 4483 (2025).

777 27 Drexler, R. et al. Serotonergic neuron-glioma interactions drive high-grade glioma

778 pathophysiology. bioRxiv, 2025.2012.2010.693579, doi:10.64898/2025.12.10.693579
779 (2025).

780 28 Huang-Hobbs, E. ef al. Remote neuronal activity drives glioma progression through

781 SEMAA4F. Nature 619, 844-850 (2023).

782 29 Dosenbach, N. U. ef al. A core system for the implementation of task sets. Neuron 50,
783 799-812 (2006).
784 30 Fox, M. D., Snyder, A. Z., Barch, D. M., Gusnard, D. A. & Raichle, M. E. Transient

785 BOLD responses at block transitions. Neuroimage 28, 956-966 (2005).

786 31 Sadaghiani, S. & D'Esposito, M. Functional characterization of the cingulo-opercular

787 network in the maintenance of tonic alertness. Cerebral cortex 25, 2763-2773 (2015).
788 32 Dosenbach, N. U., Raichle, M. E. & Gordon, E. M. The brain’s action-mode network.
789 Nature Reviews Neuroscience, 1-11 (2025).

790 33 Seeley, W. W. The salience network: a neural system for perceiving and responding to
791 homeostatic demands. Journal of Neuroscience 39, 9878-9882 (2019).

792 34 Seeley, W. W. et al. Dissociable intrinsic connectivity networks for salience processing
793 and executive control. Journal of neuroscience 27, 2349-2356 (2007).

794 35 Riecker, A. et al. fMRI reveals two distinct cerebral networks subserving speech motor
795 control. Neurology 64, 700-706 (2005).

796 36 Gordon, E. M. et al. Three distinct sets of connector hubs integrate human brain function.
797 Cell reports 24, 1687-1695. ¢1684 (2018).

798 37 Gratton, C., Laumann, T. O., Gordon, E. M., Adeyemo, B. & Petersen, S. E. Evidence for
799 two independent factors that modify brain networks to meet task goals. Cell reports 17,
800 1276-1288 (2016).

801 38 Rushworth, M., Walton, M. E., Kennerley, S. W. & Bannerman, D. Action sets and

802 decisions in the medial frontal cortex. Trends in cognitive sciences 8, 410-417 (2004).
803 39 Hoeppli, M.-E. et al. Dissociation between individual differences in self-reported pain
804 intensity and underlying fMRI brain activation. Nature communications 13, 3569 (2022).
805 40 Dosenbach, N. U., Fair, D. A., Cohen, A. L., Schlaggar, B. L. & Petersen, S. E. A dual-
806 networks architecture of top-down control. Trends in cognitive sciences 12, 99-105

807 (2008).

808 41 Gordon, E. M. ef al. A somato-cognitive action network alternates with effector regions
809 in motor cortex. Nature 617, 351-359 (2023).

Page 39 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

810 42 Zlatescu, M. C. et al. Tumor location and growth pattern correlate with genetic signature
811 in oligodendroglial neoplasms. Cancer research 61, 6713-6715 (2001).

812 43 Numan, T. ef al. Regional healthy brain activity, glioma occurrence and symptomatology.
813 Brain 145, 3654-3665 (2022).

814 44 Romero-Garcia, R. et al. Transcriptomic and connectomic correlates of differential

815 spatial patterning among gliomas. Brain 146, 1200-1211 (2023).

816 45 Mandal, A. S., Romero-Garcia, R., Hart, M. G. & Suckling, J. Genetic, cellular, and

817 connectomic characterization of the brain regions commonly plagued by glioma. Brain
818 143, 3294-3307 (2020).

819 46 Stubbs, J. L. ef al. Heterogeneous neuroimaging findings across substance use disorders
820 localize to a common brain network. Nature Mental Health 1, 772-781 (2023).

821 47 Taylor, J. J. et al. A transdiagnostic network for psychiatric illness derived from atrophy
822 and lesions. Nature human behaviour 7, 420-429 (2023).

823 48 Schaper, F. L. ef al. Mapping lesion-related epilepsy to a human brain network. JAMA
824 neurology 80, 891-902 (2023).

825 49 Al-Fatly, B. et al. Lesion network of oculogyric crises maps to brain dopaminergic

826 transcriptomic signature. Brain 147, 1975-1981 (2024).

827 50 Corp, D. T. et al. Network localization of cervical dystonia based on causal brain lesions.
828 Brain 142, 1660-1674 (2019).

829 5l Hansen, J. Y. et al. Mapping neurotransmitter systems to the structural and functional
830 organization of the human neocortex. Nature neuroscience 25, 1569-1581 (2022).

831 52 Markello, R. D. ef al. Neuromaps: structural and functional interpretation of brain maps.
832 Nature Methods 19, 1472-1479 (2022).

833 53 Yarkoni, T., Poldrack, R. A., Nichols, T. E., Van Essen, D. C. & Wager, T. D. Large-
834 scale automated synthesis of human functional neuroimaging data. Nature methods 8,
835 665-670 (2011).

836 54 Yeo, B. T. et al. The organization of the human cerebral cortex estimated by intrinsic
837 functional connectivity. Journal of neurophysiology (2011).

838 55 Buckner, R. L., Krienen, F. M., Castellanos, A., Diaz, J. C. & Yeo, B. T. The

839 organization of the human cerebellum estimated by intrinsic functional connectivity.
840 Journal of neurophysiology 106, 2322-2345 (2011).

841 56 Choi, E. Y., Yeo, B. T. & Buckner, R. L. The organization of the human striatum

842 estimated by intrinsic functional connectivity. Journal of neurophysiology 108, 2242-
843 2263 (2012).

844 57 Tian, Y., Margulies, D. S., Breakspear, M. & Zalesky, A. Topographic organization of
845 the human subcortex unveiled with functional connectivity gradients. Nature

846 neuroscience 23, 1421-1432 (2020).

847 58 Lausen, B. & Schumacher, M. Maximally selected rank statistics. Biometrics, 73-85
848 (1992).

849 59 Witten, L. B. ef al. Cholinergic interneurons control local circuit activity and cocaine

850 conditioning. science 330, 1677-1681 (2010).

851 60 Salvalaggio, A., Pini, L., Bertoldo, A. & Corbetta, M. Glioblastoma and brain

852 connectivity: the need for a paradigm shift. The Lancet Neurology 23, 740-748 (2024).
853 61 Salvalaggio, A., Sansone, G., Pini, L. & Corbetta, M. Insights from the brain connectome
854 in patients with gliomas. Current Opinion in Oncology 37, 595-602 (2025).

855 62 Monje, M. The neuroscience of brain cancers. Neuron 113, 2734-2739 (2025).

Page 40 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

856 63 Mancusi, R. & Monje, M. The neuroscience of cancer. Nature 618, 467-479 (2023).
857 64 Winkler, F. et al. Cancer neuroscience: State of the field, emerging directions. Cel/ 186,
858 1689-1707 (2023).

859 65 Jung, E. ef al. Emerging intersections between neuroscience and glioma biology. Nature
860 neuroscience 22, 1951-1960 (2019).

861 66 Monje, M. et al. Roadmap for the emerging field of cancer neuroscience. Cel// 181, 219-
862 222 (2020).

863 67 Venkataramani, V. et al. Cancer Neuroscience of Brain Tumors: From Multicellular

864 Networks to Neuroscience-Instructed Cancer Therapies. Cancer Discovery 15, 39-51

865 (2025).

866 68 Douw, L., Breedt, L. C. & Zimmermann, M. L. Cancer meets neuroscience: the

867 association between glioma occurrence and intrinsic brain features. Brain 146, 803-805
868 (2023).

869 69 Hsieh, A. L. et al. Widespread neuroanatomical integration and distinct

870 electrophysiological properties of glioma-innervating neurons. Proceedings of the

871 National Academy of Sciences 121, 2417420121 (2024).

872 70 Salvalaggio, A. et al. White matter tract density index prediction model of overall

873 survival in glioblastoma. JAMA neurology 80, 1222-1231 (2023).

874 71 Stoecklein, V. M. et al. Resting-state fMRI detects alterations in whole brain connectivity
875 related to tumor biology in glioma patients. Neuro-oncology 22, 1388-1398 (2020).

876 72 Moretto, M. et al. The dynamic functional connectivity fingerprint of high-grade gliomas.
877 Scientific Reports 13, 10389 (2023).

878 73 Drexler, R. et al. A prognostic neural epigenetic signature in high-grade glioma. Nature
879 Medicine 30, 1622-1635 (2024).

880 74 Pan, Y. et al. NF1 mutation drives neuronal activity-dependent initiation of optic glioma.
881 Nature 594, 277-282 (2021).

882 75 Vallini, G. et al. Individual-level metabolic connectivity from dynamic [18F] FDG PET
883 reveals glioma-induced impairments in brain architecture and offers novel insights

884 beyond the SUVR clinical standard. European Journal of Nuclear Medicine and

885 Molecular Imaging 52, 836-850 (2025).

886 76 Doyle, J. P. et al. Application of a translational profiling approach for the comparative
887 analysis of CNS cell types. Cell 135, 749-762 (2008).

888 77 Hanahan, D. & Monje, M. Cancer hallmarks intersect with neuroscience in the tumor
889 microenvironment. Cancer cell 41, 573-580 (2023).

890 78 Hervey-Jumper, S. L. et al. Interactive effects of molecular, therapeutic, and patient

891 factors on outcome of diffuse low-grade glioma. Journal of Clinical Oncology 41, 2029-
892 2042 (2023).

893 79 Liu, Y. U. et al. Neuronal network activity controls microglial process surveillance in
894 awake mice via norepinephrine signaling. Nature neuroscience 22, 1771-1781 (2019).
895 80 Nejo, T. et al. Glioma-neuronal circuit remodeling induces regional immunosuppression.
896 Nature Communications.

897 81 Greenberg, M. E. & Ziff, E. B. Stimulation of 3T3 cells induces transcription of the c-fos
898 proto-oncogene. Nature 311, 433-438 (1984).

899 82 Chen, D.-b. & Davis, J. S. Epidermal growth factor induces c-fos and c-jun mRNA via
900 Raf-1/MEK1/ERK-dependent and-independent pathways in bovine luteal cells.

901 Molecular and cellular endocrinology 200, 141-154 (2003).

Page 41 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

902 83 Armstrong, T. S. et al. Glioma patient-reported outcome assessment in clinical care and
903 research: a Response Assessment in Neuro-Oncology collaborative report. The Lancet
904 Oncology 21, €97-¢103 (2020).

905 84 Sizoo, E. M. et al. Symptoms and problems in the end-of-life phase of high-grade glioma
906 patients. Neuro-oncology 12, 1162-1166 (2010).

907 85 Boele, F. W., Rooney, A. G., Grant, R. & Klein, M. Psychiatric symptoms in glioma

908 patients: from diagnosis to management. Neuropsychiatric disease and treatment, 1413-
909 1420 (2015).

910 86 Zhu, X. A. et al. A neuroimmune circuit mediates cancer cachexia-associated apathy.

911 Science 388, eadm8857 (2025).

912 87 Grinshpoon, A. ef al. Cancer in schizophrenia: is the risk higher or lower? Schizophrenia
913 research 73, 333-341 (2005).

914 88 Faraz, S., Pannullo, S., Rosenblum, M., Smith, A. & Wernicke, A. G. Long-term survival
915 in a patient with glioblastoma on antipsychotic therapy for schizophrenia: a case report
916 and literature review. Therapeutic advances in medical oncology 8, 421-428 (2016).

917 89 Taphoorn, M. J. et al. Influence of treatment with tumor-treating fields on health-related
918 quality of life of patients with newly diagnosed glioblastoma: a secondary analysis of a
919 randomized clinical trial. JAMA oncology 4, 495-504 (2018).

920 90 Stupp, R. et al. Effect of tumor-treating fields plus maintenance temozolomide vs

921 maintenance temozolomide alone on survival in patients with glioblastoma: a randomized
922 clinical trial. Jama 318, 2306-2316 (2017).

923 91 Moser, J. C. et al. The mechanisms of action of tumor treating fields. Cancer research
924 82, 3650-3658 (2022).

925 92 Brown, C. E. ef al. Regression of glioblastoma after chimeric antigen receptor T-cell

926 therapy. New England Journal of Medicine 375, 2561-2569 (2016).

927 93 Monje, M. et al. Intravenous and intracranial GD2-CAR T cells for H3K27M+ diffuse
928 midline gliomas. Nature 637, 708-715 (2025).

929 94 Thomas, B. C. et al. CAR T cell therapies for diffuse midline glioma. Trends in cancer 9,
930 791-804 (2023).
931 95 Majzner, R. G. ef al. GD2-CAR T cell therapy for H3K27M-mutated diffuse midline

932 gliomas. Nature 603, 934-941 (2022).

933 96 Logun, M. et al. Patient-derived glioblastoma organoids as real-time avatars for assessing
934 responses to clinical CAR-T cell therapy. Cell Stem Cell 32, 181-190. e184 (2025).

935 97 Jacob, F., Ming, G.-1. & Song, H. Generation and biobanking of patient-derived

936 glioblastoma organoids and their application in CAR T cell testing. Nature Protocols 15,
937 4000-4033 (2020).

938 98 Sprugnoli, G. ef al. Reduction of intratumoral brain perfusion by noninvasive transcranial
939 electrical stimulation. Science advances 5, eaau9309 (2019).

940 99 Santarnecchi, E. et al. Modulation of network-to-network connectivity via spike-timing-
941 dependent noninvasive brain stimulation. Human Brain Mapping 39, 4870-4883 (2018).
942 100  Lynch, C. J. et al. Precision inhibitory stimulation of individual-specific cortical hubs

943 disrupts information processing in humans. Cerebral Cortex 29, 3912-3921 (2019).

944 101  Lynch, C. J. et al. Automated optimization of TMS coil placement for personalized

945 functional network engagement. Neuron 110, 3263-3277. €3264 (2022).

Page 42 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

946 102  Chen, A. C. et al. Causal interactions between fronto-parietal central executive and

947 default-mode networks in humans. Proceedings of the National Academy of Sciences
948 110, 19944-19949 (2013).

949 103  Fox, K. C. et al. Intrinsic network architecture predicts the effects elicited by intracranial
950 electrical stimulation of the human brain. Nature human behaviour 4, 1039-1052 (2020).
951 104  Parvizi, J. et al. Electrical stimulation of human fusiform face-selective regions distorts
952 face perception. Journal of Neuroscience 32, 14915-14920 (2012).

953 105 Horn, A. et al. Connectivity predicts deep brain stimulation outcome in P arkinson

954 disease. Annals of neurology 82, 67-78 (2017).

955 106  Siddiqi, S. H. et al. Brain stimulation and brain lesions converge on common causal

956 circuits in neuropsychiatric disease. Nature human behaviour 5, 1707-1716 (2021).

957 107  Menze, B. H. et al. The multimodal brain tumor image segmentation benchmark

958 (BRATS). IEEE transactions on medical imaging 34, 1993-2024 (2014).

959 108  Bakas, S. ef al. Advancing the cancer genome atlas glioma MRI collections with expert
960 segmentation labels and radiomic features. Scientific data 4, 1-13 (2017).

961 109  Baid, U. ef al. The rsna-asnr-miccai brats 2021 benchmark on brain tumor segmentation
962 and radiogenomic classification. arXiv preprint arXiv:2107.02314 (2021).

963 110  Zenk, M. et al. Towards fair decentralized benchmarking of healthcare Al algorithms
964 with the Federated Tumor Segmentation (FeTS) challenge. Nature communications 16,
965 6274 (2025).

966 111  Bakas, S. et al. The University of Pennsylvania glioblastoma (UPenn-GBM) cohort:

967 advanced MRI, clinical, genomics, & radiomics. Scientific data 9, 453 (2022).

968 112 Holmes, A. J. et al. Brain Genomics Superstruct Project initial data release with

969 structural, functional, and behavioral measures. Scientific data 2, 1-16 (2015).

970 113 Louis, D. N. et al. The 2021 WHO classification of tumors of the central nervous system:
971 a summary. Neuro-oncology 23, 1231-1251 (2021).

972 114  Li, X., Morgan, P. S., Ashburner, J., Smith, J. & Rorden, C. The first step for

973 neuroimaging data analysis: DICOM to NIfTI conversion. Journal of neuroscience

974 methods 264, 47-56 (2016).

975 115  Warfield, S. K., Zou, K. H. & Wells, W. M. Simultaneous truth and performance level
976 estimation (STAPLE): an algorithm for the validation of image segmentation. /[EEE

977 transactions on medical imaging 23, 903-921 (2004).

978 116  Isensee, F., Jaeger, P. F., Kohl, S. A., Petersen, J. & Maier-Hein, K. H. nnU-Net: a self-
979 configuring method for deep learning-based biomedical image segmentation. Nature
980 methods 18, 203-211 (2021).

981 117  McKinley, R., Meier, R. & Wiest, R. in International MICCAI brainlesion workshop.
982 456-465 (Springer).
983 118  Kamnitsas, K. et al. Efficient multi-scale 3D CNN with fully connected CRF for accurate

984 brain lesion segmentation. Medical image analysis 36, 61-78 (2017).

985 119  Smith, S. M. ef al. Advances in functional and structural MR image analysis and

986 implementation as FSL. Neuroimage 23, S208-S219 (2004).

987 120  Ren, J. et al. DeepPrep: an accelerated, scalable and robust pipeline for neuroimaging
988 preprocessing empowered by deep learning. Nature Methods, 1-4 (2025).

989 121  Ren, J. et al. Fast cortical surface reconstruction from MRI using deep learning. Brain
990 informatics 9, 6 (2022).

Page 43 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.01.05.697608; this version posted January 11, 2026. 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 a CC-BY-NC-ND 4.0 International license.

991 122 Ren, J. et al. SUGAR: Spherical ultrafast graph attention framework for cortical surface

992 registration. Medical Image Analysis 94, 103122 (2024).

993 123  Wang, F. ef al. Verbal memory network mapping in individual patients predicts

994 postoperative functional impairments. Human Brain Mapping 45, 26691 (2024).
995 124  Dahmani, L. ef al. Focused ultrasound thalamotomy for tremor treatment impacts the
996 cerebello-thalamo-cortical network. npj Parkinson's Disease 9, 90 (2023).

997 125  Diedrichsen, J. A spatially unbiased atlas template of the human cerebellum. Neuroimage
998 33, 127-138 (20006).
999 126  Batchelor, T. T. ef al. Age-dependent prognostic effects of genetic alterations in

1000 glioblastoma. Clinical Cancer Research 10, 228-233 (2004).

1001 127  Dwyer-Lindgren, L. et al. Life expectancy by county, race, and ethnicity in the USA,
1002 2000-19: a systematic analysis of health disparities. The Lancet 400, 25-38 (2022).
1003 128  Tang, Z. et al. Efficacy and Safety of High-Dose TBS on Poststroke Upper Extremity
1004 Motor Impairment: A Randomized Controlled Trial. Stroke 55, 2212-2220 (2024).
1005 129  Ren, J. et al. Efficacy and safety of high-dose and personalized TBS on post-stroke
1006 cognitive impairment: A randomized controlled trial. Brain Stimulation 18, 249-258
1007 (2025).

1008 130  Vos de Wael, R. ef al. BrainSpace: a toolbox for the analysis of macroscale gradients in
1009 neuroimaging and connectomics datasets. Communications biology 3, 103 (2020).
1010 131  Edlow, B. L. ef al. 7 Tesla MRI of the ex vivo human brain at 100 micron resolution.
1011 Scientific data 6, 244 (2019).

1012

Page 44 of 44


https://doi.org/10.64898/2026.01.05.697608
http://creativecommons.org/licenses/by-nc-nd/4.0/

	Gliomas preferentially develop within the action-mode network

