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Abstract 38 
Glioblastoma’s pronounced migratory capacity underlies its diffuse invasion, presenting a 39 
formidable barrier to successful treatment. Ex vivo characterization of glioblastoma cells isolated 40 
from freshly resected clinical samples under physiologically relevant conditions revealed two 41 
distinct migratory phenotypes, Fast-Migrating (FM) and Slow-Migrating (SM). These phenotypes 42 
reflect distinct mechanosensitivity profiles and are associated with pharmacological responses 43 
that support the motor–clutch model of cell migration. Analysis of genes associated with these 44 
phenotypes revealed a transcriptomic signature that closely associated with in vitro cell migration, 45 
histological invasion in patient specimens, and clinical survival. Single-nucleus RNA sequencing 46 
revealed that FM and SM cells coexist within a single glioblastoma, with FM cells enriched at the 47 
periphery and SM cells localized to the tumor core. Collectively, our study demonstrates the utility 48 
of ex vivo glioblastoma characterization, allowing decoding of tumor heterogeneity and clinical 49 
prognostication as well as providing a framework for deconvoluting the complex cancer phenotype. 50 
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Main 64 
Glioblastoma is the most common primary malignant brain tumor in adults and remains nearly 65 
universally fatal within two years of diagnosis [1]. A key contributor to this poor prognosis involves 66 
the aggressive, infiltrative nature of the disease [2], characterized by invasion centimeters beyond 67 
the radiographically detectable tumor margins [3]. This diffuse pattern of invasion forms the basis 68 
for the current standard of care, in which radiation is delivered to a two-centimeter margin beyond 69 
the radiographically defined lesion. However, even with effective local control of the primary tumor, 70 
recurrence commonly arises outside the radiation field [4]. An understanding of the mechanisms 71 
that drive this infiltrative capacity should facilitate glioblastoma therapeutic development. 72 
 73 
Glioblastoma exhibits significant inter- and intra-tumoral heterogeneity, which further contributes 74 
to its therapeutic resistance. Based on transcriptomic profiling, glioblastoma has been classified 75 
into distinct molecular subtypes [5, 6]. Depending on the classification scheme, these subtypes 76 
vary, reflecting underlying biological programs related to cell metabolism [7], lineage [8], and injury 77 
response [9]. While some of these biological programs are loosely associated with migratory 78 
phenotypes [10, 11], they do not fully capture the complexity of glioblastoma migration. 79 
Compounding this complexity, diverse cellular subtypes co-exist within individual tumors [12]. In 80 
this context, ex vivo profiling of single-cell migration may provide a functional lens for decoding 81 
these cellular complexities. 82 
 83 
Migration, the fundamental process driving glioblastoma invasion, is critically dependent on the 84 
microenvironment’s constituents, mechanical stiffness, and the intrinsic tumor cell phenotype. 85 
The motor–clutch model of cell migration posits that actin polymerization drives membrane 86 
protrusions to form transient adhesions with the extracellular matrix (ECM), while myosin II–87 
mediated contractility propels the cell forward [13, 14]. Each step of this process is influenced by 88 
the mechanical stiffness of the ECM [10, 15]. Magnetic resonance elastography estimates 89 
indicate that the brain’s stiffness ranges from 1 to 10 kPa (Young’s modulus), making it one of the 90 
softest tissues in the body [16–18]. Unfortunately, most conventional in vitro glioblastoma 91 
migration assays involve the use of rigid substrates orders of magnitude stiffer than native brain 92 
tissue [19, 20]. Moreover, most published studies rely on long-term passaged cells, which drives 93 
evolutionary drift that alters cell migration phenotypes [15, 21].  94 
 95 
Here, we profiled the migration of glioblastoma cells isolated from 35 freshly resected clinical 96 
samples using physiologically relevant ECM ligands and substrate stiffnesses (0.7–10 kPa, 97 
Young’s modulus). Our analyses revealed two distinct migratory phenotypes (Fast- and Slow-98 
Migrating, or FM and SM) that differ in mechanosensitivity and pharmacologic response. These 99 
phenotypes are captured by an RNA signature that correlates with histological invasion in patient 100 
specimens and clinical survival. Single-nucleus RNA sequencing revealed that FM and SM cells 101 
co-exist within a single glioblastoma, dictating bulk tumor classification based on which phenotype 102 
predominates.  103 
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Primary glioblastoma cells exhibit distinct mechanosensitive migration phenotypes that 105 
correlate with clinical outcome. 106 
To characterize glioblastoma migration under biophysical conditions that mimic the native brain 107 
parenchyma, we profiled primary glioblastoma tumors (isocitrate dehydrogenase (IDH) wild type) 108 
from 35 patients (Supplementary Table 1). Freshly resected tumors were dissociated, cultured 109 
to deplete non-neoplastic cells, and evaluated within three passages to minimize in vitro 110 
phenotypic drift. These tumor cells were then seeded on polyacrylamide (PA) gels functionalized 111 
with brain-relevant ECM ligands (laminin, collagen I, fibronectin, and Matrigel [22, 23]). The 112 
schematic for our study design is shown in Fig. 1a.  113 
 114 
To identify the ECM ligand that would best support cell adherence and migration, we performed 115 
an initial screen using cells from 24 patients on ECM substrates with a stiffness of 9.3 kPa. Distinct 116 
ECM ligands supported the adherence and motility of freshly isolated cells to varying degrees 117 
(ANOVA, P < 0.001; Extended Data Fig. 1a). Although cell aspect ratio and area were 118 
comparable across substrates, laminin and collagen I supported the highest level of motility, while 119 
only laminin supported the highest level of cellular adhesion (post-hoc, P < 0.05, Supplementary 120 
Fig. 1a). Because laminin is highly enriched in the brain parenchyma [22, 23] and best supported 121 
glioblastoma adherence and migration in our screen, we selected it as the ECM ligand for 122 
subsequent experiments. 123 
 124 
The motor–clutch model of cell migration predicts that maximal productive clutch engagement, 125 
and therefore optimal migration, occurs at an intermediate substrate stiffness [10, 15] (Extended 126 
Data Fig. 1c). In support of this model, pooled analysis of the cells from the full 35-patient cohort 127 
demonstrated a clear biphasic mechanosensitive response to stiffness, spanning physiological 128 
(0.7–9.3 kPa) and supra-physiological levels (19.5, 100 kPa, Extended Data Fig. 1b, 129 
Supplementary Fig. 1b). Cell motility (random motility coefficient, RMC) peaked at 4.6 kPa 130 
(piecewise-linear model, P < 0.001), which interestingly, closely reflects the stiffness of native 131 
brain tissue [16, 17], with attenuated migration at lower and higher stiffness. Similarly, cell aspect 132 
ratio (a measure of cell polarization) also peaked within this stiffness range (piecewise-linear 133 
model, P < 0.001). In contrast, cell area increased monotonically with stiffness (linear model, P < 134 
0.01), while adherence was unaffected (Extended Data Fig. 1b, Supplementary Fig. 1b).  135 
 136 
We next evaluated the migration profiles of primary cells isolated from each patient individually 137 
by applying unsupervised clustering (Fig. 1b). This analysis identified two distinct groups of 138 
patients with a pronounced difference in combined migration metrics (Fig. 1c): patients with a 139 
Fast-Migrating (FM) phenotype were characterized by high motility, polarization, and cell area 140 
regardless of substrate stiffness or ECM, while patients with a Slow-Migrating (SM) phenotype 141 
displayed the opposite traits (ANOVA, P < 0.001, Fig. 1d,e, Extended Data Fig. 2). Notably, the 142 
FM group exhibited significant biphasic mechanosensitivity (piecewise linear model, P < 0.001; 143 
Fig. 1e and Extended Data Figs. 2d), characterized by a migratory peak at physiological brain 144 
stiffness (4.6 and 9.3 kPa) and enhanced motility and adherence to laminin (ANOVA, P < 0.01; 145 
Fig. 1d,e and Supplementary Fig. 2). 146 
 147 
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We hypothesized that progression-free survival (PFS) may serve as a proxy for migration if tumor 148 
recurrence is driven by the rate at which tumor cells escape the surgical cavity and invade the 149 
surrounding brain parenchyma. Consequently, PFS may correlate with these migratory 150 
phenotypes. Supporting this hypothesis, Kaplan-Meier analysis showed that patients with FM 151 
glioblastomas exhibited significantly shorter PFS than those with SM tumors (ΔPFS = 2 months, 152 
P < 0.05; Fig. 1f). Furthermore, this survival difference was independent of clinical covariates 153 
known to influence prognosis, as the FM/SM phenotype did not associate with age, sex, or MGMT 154 
promoter methylation (Extended Data Fig. 3).   155 
 156 
Motor–clutch mechanisms govern the biphasic response to myosin inhibition. 157 
The motor–clutch model (Fig. 2a) postulates that pharmacological perturbation produces 158 
predictable effects on cell migration [10]. For instance, actin inhibition is predicted to cause a 159 
monotonic decrease in motility (Fig. 2b) [10]. Supporting this hypothesis, actin inhibition through 160 
latrunculin A [24] uniformly decreased cell motility, aspect ratio, and area across all patients 161 
examined (n = 6; P < 0.01, Wilcoxon), regardless of migratory phenotype (Fig. 2c,d and 162 
Supplementary Fig. 3a).  163 
 164 
Conversely, the motor–clutch model predicted that myosin inhibition would produce variable 165 
effects depending on the baseline motor–clutch ratio (Fig. 2e) [10]. Consistent with this prediction, 166 
blebbistatin [25] suppressed migration in a majority of FM cells (75%), whereas it increased 167 
migration in half of SM cells and decreased it in the other half, indicating that SM tumors span 168 
both sides of the optimal motor–clutch ratio (Fig. 2f,g and Supplementary Fig. 3b). These 169 
phenotype-dependent responses support the model and suggest that the enhanced migration of 170 
FM cells reflects a more optimized motor–clutch balance relative to SM cells. 171 
 172 
To validate the motor–clutch framework, RNA sequencing (RNA-seq) was performed on five 173 
samples showing either blebbistatin-enhanced (n = 3) or blebbistatin-suppressed (n = 2) migration. 174 
Using a supervised analytical approach, we calculated motor–clutch ratios based on the 175 
expression of canonical motor (myosin) genes and clutch components (integrin, talin, and vinculin) 176 
[26, 27] (Fig. 2h). Supporting the motor–clutch framework, blebbistatin-enhanced tumors 177 
harbored higher baseline motor/clutch ratios than blebbistatin-suppressed tumors (Fig. 2i). This 178 
finding suggests that inhibition of the excessive myosin motor contributed to the increased 179 
migratory capacity of these patient cells. 180 
 181 
Next, we tested whether an unsupervised analysis of the RNA-seq dataset would qualitatively 182 
recapitulate the findings from the supervised approach. Differential expression analysis identified 183 
108 genes upregulated in the blebbistatin-enhanced cells and 203 genes upregulated in the 184 
blebbistatin-suppressed cells (FDR < 0.05, |log2FC| > 1; Fig. 2j). Pathway enrichment analysis 185 
indicated that blebbistatin-suppressed cells showed RNA expression patterns linked to negative 186 
regulation of migration, epithelial–mesenchymal transition, ECM remodeling, and 187 
integrin-mediated signaling (Extended Data Fig. 4a,c). In contrast, blebbistatin-enhanced tumors 188 
showed increased RNA expression related to axon guidance, differentiation, and BMP signaling 189 
(Extended Data Fig. 4b,c). We next identified motor and clutch genes among the differentially 190 
expressed genes and calculated motor/clutch ratios based on their expression levels. While the 191 
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genes included in this unsupervised analysis differed from those used in the supervised approach, 192 
the analysis again showed that blebbistatin-enhanced tumors harbored higher baseline motor–193 
clutch ratios than blebbistatin-suppressed tumors (Fig. 2k and Extended Data Fig. 4d). In 194 
aggregate, the above analysis suggests that the intrinsic motor–clutch state of primary 195 
glioblastoma cells determines their response to myosin inhibition. 196 
 197 
A 13-gene migration signature captures the migratory phenotypes and associates with 198 
clinical outcomes. 199 
Our results suggest that the migratory behavior of glioblastoma is, at least in part, intrinsically 200 
encoded at the transcriptional level. To identify the transcriptional programs that define the FM 201 
group, we analyzed RNA-seq data from 18 patient-derived glioblastoma lines with characterized 202 
migratory phenotypes [10] (Fig. 3a). Based on the combined RMC Z score across 0.7, 4.6, and 203 
9.3 kPa substrates (Extended Data Fig. 5a), the patient cell lines were classified into FM and SM 204 
groups (Fig. 3b). Principal component analysis of the transcriptomes partitioned the tumors in 205 
alignment with their migratory classification, confirming that distinct cellular programs contribute 206 
to the FM and SM phenotypes (Extended Data Fig. 5b,c).  207 
 208 
Differential expression analysis between FM and SM cell lines identified 141 differentially 209 
expressed genes (FDR < 0.05; Fig. 3c). Pathway analysis [28] revealed that the SM cell lines 210 
harbored RNA expression associated with ECM organization [22], substrate adhesion [29], and 211 
bone morphogenic protein (BMP) signaling [30] (Extended Data Fig. 6a). In contrast, the FM cell 212 
lines harbored RNA expression associated with actin-rich cell projections [31], ciliogenesis and 213 
axoneme function [32, 33], and glycogen metabolism [34] (Extended Data Fig. 6b). These results 214 
indicate that FM cells harbor transcriptional programs that facilitate mechanosensitivity and 215 
migration, whereas SM cells are enriched for pathways involved in ECM reorganization. Using a 216 
network-based method [28] to cluster the enriched pathways provided further support for this 217 
hypothesis, revealing two transcriptional modules: FM characterized by an actin–microtubule–218 
metabolic program, and SM defined by an ECM–adhesion–BMP program (Extended Data Fig. 219 
6c). 220 
 221 
As a first step toward a clinically actionable biomarker, we refined the differentially expressed 222 
genes into a migration gene signature by optimizing concordance with PFS using patients from 223 
The Cancer Genome Atlas (TCGA) glioblastoma RNA-seq dataset (n = 144, IDH1-mutant 224 
excluded, [35]) (Fig. 3d). This iterative optimization process yielded a 13-gene migration signature 225 
comprising seven genes upregulated in the FM state (NRF1, ZNF337, DNAH5, PCBD2, TCTN1, 226 
PDZK1, USP53) and six upregulated in the SM state (SP5, FGFR4, LZTS2, PGM5, C21orf91, 227 
DNAH2). Robustness analysis using bootstrap resampling demonstrated that the signature 228 
outperformed 99% of randomly sampled gene sets across multiple survival metrics (Extended 229 
Data Fig. 7).  230 
 231 
Using this signature, we computed the migration score for the original patient lines using single-232 
sample gene set enrichment scoring with singscore [36]. Despite comprising far fewer genes, the 233 
migration signature reproduced the FM and SM phenotypes, correctly classifying 100% of the 234 
original patient lines (Extended Data Fig. 5d). Moreover, the signature scores strongly correlated 235 
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with experimentally measured motility in the 18 lines (r = 0.766, P < 0.001; Extended Data Fig. 236 
5e). To validate the 13-gene signature as a biomarker of glioblastoma migratory capacity, we 237 
prospectively characterized migration in eight previously untested patient-derived glioblastoma 238 
lines and calculated their corresponding signature scores, all performed in a blinded manner to 239 
minimize bias. Upon unblinding of the data, we found that the 13-gene score showed a strong 240 
correlation with experimentally measured motility (r = 0.808, P < 0.05; Fig. 3e), correctly 241 
classifying FM/SM phenotype in 75% (6/8) of the glioblastoma lines studied using a median split 242 
(Extended Data Fig. 5f).  243 
 244 
Given that migration is a fundamental component of tumor invasion, we next assessed whether 245 
the migration signature correlated with histological invasion in 32 previously published clinical 246 
glioblastoma specimens with matched RNA-seq data. Invasion scores were previously assigned 247 
[37], and a 13-gene signature score was calculated for each sample using the available RNA-seq 248 
data. Impressively, higher migration scores were associated with higher histological invasion 249 
stages (r = 0.484, P < 0.01; Fig. 3f). These findings suggest that the transcriptional programs 250 
captured by the 13-gene signature reflect the biological processes that drive glioblastoma 251 
invasion. 252 
 253 
The 13-gene signature was optimized based on its concordance with PFS in the TCGA RNA-seq 254 
dataset (n = 144). Expectedly, when patients in this cohort were stratified into FM and SM groups 255 
using the median migration score (Fig. 3g), their survival outcomes differed significantly (ΔMS = 256 
5.6 months, P < 0.05; Fig. 3h). Notably, migration score remained the only independent, adverse 257 
predictor of PFS in multivariate Cox regression after adjusting for confounders, including MGMT 258 
methylation, molecular subtype, age, and sex (P < 0.01; Supplementary Fig. 4a).  259 
 260 
To further validate the clinical association of the 13-gene signature, we evaluated it using the 261 
TCGA microarray dataset (Firehose Legacy, n = 525), acknowledging the limitation that the 262 
patients in this dataset included some of the 144 patients in the RNA-seq cohort. Using the same 263 
stratification strategy, we found patients in the FM group exhibited shorter PFS relative to those 264 
in the SM group (ΔMS = 1.38 months, P < 0.01; Fig. 3i). Given that PFS is a key determinant of 265 
overall survival (OS), we also tested whether the 13-gene signature associated with OS using the 266 
TCGA microarray dataset. When the 525-patient cohort was classified into FM or SM groups 267 
using the signature, FM patients exhibited significantly shorter OS (ΔMS = 1.64 months, P < 0.05; 268 
Fig. 3j).  269 
 270 
As a final validation effort, we turned to an entirely different dataset, the Chinese Glioma Genome 271 
Atlas (CGGA; n = 298, IDH1-mutant excluded, [38]). In this independent cohort, FM patients again 272 
exhibited a shorter OS relative to the SM patients when stratified by median migration score (ΔMS 273 
= 1.41 months, P < 0.05; Fig. 3k). Moreover, migration score, in addition to tumor type and age, 274 
remained an independent adverse predictor of OS in multivariate Cox regression (P < 0.05; 275 
Supplementary Fig. 4b). These findings suggest that the 13-gene signature may bear clinical 276 
prognostic utility by capturing transcriptional programs associated with glioblastoma migration. 277 
 278 
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The migration signature is orthogonal to established subtype signatures. 279 
Transcriptomic analyses have classified glioblastoma into multiple molecular subtypes [5, 6], 280 
including those reflecting cell lineage [8], developmental and injury-response programs [9], and 281 
metabolic states [7] (Fig. 4a). However, these frameworks do not fully capture the biology of cell 282 
migration. We therefore hypothesized that migration-associated transcriptional programs may 283 
overlap with, yet remain independent of, established subtype classifications. Supporting this 284 
hypothesis, the 13-gene migration signature showed no overlap with any previously published 285 
subtype classifiers (Jaccard index = 0; Fig. 4a), and patient stratification by migration score did 286 
not align with established subtypes in the TCGA glioblastoma RNA-seq cohort (n = 144, IDH1-287 
mutant excluded) (Extended Data Fig. 8a–d).  288 
 289 
To quantify the relationship between established subtype signatures and our 13-gene migration 290 
signature, we assessed concordance in patient rankings within the TCGA RNA-seq cohort using 291 
Kendall’s tau [39]. While established subtypes displayed strong pairwise correlations, the 292 
migration signature did not, exhibiting the lowest maximum tau values (Fig. 4b,c). Among these 293 
comparisons, the migration signature was modestly negatively correlated with the proneural and 294 
oligodendrocyte precursor (OPC) subtypes and positively correlated with the classical and neural 295 
stem signatures (Fig. 4d, Extended Data Fig. 8a–d).  296 
 297 
These analyses demonstrate that the migration signature is largely orthogonal to established 298 
molecular subtypes, capturing transcriptional variation not entirely accounted for by lineage, 299 
developmental, or metabolic programs. Notably, even within positively correlated subtypes, the 300 
migration score was still able to stratify patients into FM and SM groups with significantly different 301 
PFS, for both classical (ΔMS = 9.3 months, P = 0.00931) and neural stem subtypes (ΔMS = 7 302 
months, P = 0.00229) (Fig. 4e,f). Moreover, the migration signature remained the only significant 303 
prognosticator of PFS among all evaluated subtype signatures (Fig. 4g; Extended Data Fig. 8e). 304 
 305 
Intra-tumoral migratory heterogeneity in glioblastoma.  306 
Given the pronounced intratumoral heterogeneity of glioblastomas [5], we next examined whether 307 
the migration gene score, reflecting tumor cell migratory capacity, mapped to distinct spatial 308 
regions within the tumor. To this end, we performed single-nucleus RNA sequencing (snRNA-seq) 309 
on clinical glioblastoma samples collected from the tumor core (non-contrast enhancing), tumor 310 
edge (enhancing rim), and adjacent normal cortex (non-enhancing tissue beyond the tumor 311 
margin) of four glioblastoma patients [40] (Fig. 5a). After identification of malignant cells using 312 
copy number variation (CNV) inference (Extended Data Fig. 9a–e), we calculated single-cell 313 
migration scores using our 13-gene signature (Fig. 5b). We classified cells as either FM or SM 314 
based on migration signature Z scores (Fig. 5c). Strikingly, FM cells were strongly enriched at 315 
the tumor edge and within adjacent normal brain tissue, whereas SM cells were localized to the 316 
tumor core (Fig. 5d and Extended Data Fig. 9f,g). This established a distinct outward gradient 317 
of increasing migratory capacity from the inner core to the invasive margin. 318 
 319 
We validated this finding in an independent, similarly spatially annotated single-cell RNA-seq 320 
(scRNA-seq) dataset from a glioblastoma patient undergoing temporal lobectomy with 321 
intraoperative 5-aminolevulinic acid (5-ALA) fluorescence guidance [41]. After identifying 322 
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malignant cells via CNV profiling, we again classified them into FM and SM subpopulations based 323 
on their migration scores (Extended Data Fig. 10a–c). Consistent with our initial analysis, 324 
regional analysis in this independent cohort again showed FM cells enriched at the tumor 325 
periphery and in normal cortex, whereas SM cells were concentrated in the necrotic core and 326 
high-fluorescence tumor regions (Extended Data Fig. 10d–f). Together, these data suggest that 327 
cells with high migratory capacity are preferentially localized to the cerebrum adjacent to the tumor 328 
edge.  329 
 330 
To relate this spatial organization to the mechanical microenvironment and the 331 
mechanosensitivity we observed in the FM phenotype, we analyzed co-registered MRI and 332 
magnetic resonance elastography (MRE) scans from eight glioblastoma patients [17] (n = 8; Fig. 333 
5e). Integrating tumor segmentation with spatial stiffness measurements revealed a remarkably 334 
consistent radial stiffness gradient across regions (Supplementary Fig. 5a–i). The necrotic cores 335 
were relatively soft (~3 kPa, equivalent Young’s modulus), whereas stiffness increased across a 336 
peritumoral transition zone, peaking at approximately 4.5 kPa at the tumor edge (Fig. 5f, 337 
Supplementary Fig. 5j,k). Strikingly, this peak in stiffness aligns almost exactly with the optimal 338 
stiffness (4.6 kPa) required for maximal glioblastoma cell motility we previously discovered in FM 339 
tumors (Fig. 1d). 340 
 341 
Finally, the co-existence of FM and SM cells prompted us to revisit our initial data with the 342 
hypothesis that the classification of tumors as FM or SM (Fig. 1b) reflects the relative abundance 343 
of these phenotypes within each tumor. Using the median RMC to classify each cell within the 344 
tumor as FM or SM, we found that both populations co-exist within the same tumor 345 
(Supplementary Fig. 6a,b). Supporting our hypothesis, glioblastomas classified as FM harbored 346 
a higher proportion of FM cells, whereas SM glioblastomas were enriched for SM cells 347 
(Supplementary Fig. 6b,c). These findings indicate that the bulk migratory phenotype of a 348 
glioblastoma is largely determined by the relative composition of FM and SM populations.  349 
 350 
Together, these data support a mechanosensitive invasion model for glioblastoma in which FM 351 
cells accumulate at the stiff tumor edge, enabling their highly migratory phenotype to drive 352 
parenchymal infiltration and seed clinical recurrence (Fig. 5g). 353 
  354 
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Discussion 355 
Glioblastoma’s aggressive migratory capacity drives diffuse infiltration, compromising therapeutic 356 
efficacy and patient survival [2]. To characterize the molecular underpinnings of this infiltration, 357 
we examined the migratory phenotype of freshly dissected glioblastoma cells from patient-derived 358 
specimens using physiologically relevant ECM substrates and stiffness. Our study revealed two 359 
distinct migratory modes: Fast-Migrating (FM) and Slow-Migrating (SM). FM cells display biphasic, 360 
mechanosensitive migration that peaks at native brain stiffness. In contrast, SM cells are 361 
insensitive to substrate stiffness, maintaining a uniformly low migratory speed across mechanical 362 
conditions. Latrunculin A uniformly suppresses the migratory speed of all cells, while the effect of 363 
blebbistatin on migration varies depending on their baseline motor–clutch balance. The 364 
differences between these phenotypes are captured by a transcriptomic signature that correlates 365 
robustly with in vitro migration, histopathological invasion in patient specimens, and clinical 366 
survival. Single-nucleus RNA sequencing further revealed that FM and SM cells co-exist within 367 
the same tumor, with overall tumor classification reflecting their relative abundance. Spatially, FM 368 
cells were enriched at the invasive tumor edge, where tissue stiffness is optimal to support FM 369 
migration, whereas SM cells were more frequently localized within the tumor core. 370 
 371 
Our finding that myosin II inhibition with blebbistatin can paradoxically enhance the migratory 372 
speed of glioblastoma cells suggests that non-discriminatory targeting of the cellular motor 373 
apparatus may inadvertently promote diffuse infiltration and potentiate disease progression in a 374 
subset of patients. The identified 13-gene transcriptomic signature provides a potential framework 375 
for rational patient stratification, ensuring that motor–clutch-targeted therapies are deployed only 376 
in individuals with glioblastoma harboring susceptible phenotypes. Another viable translational 377 
strategy involves targeting F-actin assembly rather than contractility, since latrunculin A uniformly 378 
suppresses the migratory speed of all glioblastoma cells. For example, the available literature 379 
increasingly highlights the F-actin-bundling protein fascin, which coordinates the formation of 380 
sensory filopodia at the invasive leading edge, as a promising anti-migratory target [42]. Notably, 381 
the antidepressant imipramine has recently been shown to inhibit fascin [43], raising the possibility 382 
of its repurposing as a therapeutic agent in glioblastoma [44, 45].  383 
 384 
The 13-gene signature that stratifies glioblastoma into FM and SM phenotypes exhibits limited 385 
overlap with existing transcriptomic schemes, demonstrating that this migratory axis is distinct 386 
from underlying subtype programs. Supporting this hypothesis, the 13-gene signature robustly 387 
captures histopathological invasiveness and patient survival beyond the predictive capacity of 388 
available subtype signatures [5–9]. If prospectively validated, this transcriptomic tool could directly 389 
guide surgical decision-making. Given the tendency for diffuse invasiveness in FM-dominated 390 
tumors, aggressive cytoreductive surgery is unlikely to extend patient survival meaningfully and 391 
may instead expose frail individuals to surgical or perioperative risks. Consequently, screening 392 
vulnerable or elderly populations with this signature can help surgeons balance therapeutic utility 393 
against potential morbidity. Beyond surgical stratification, this orthogonal classification provides 394 
a valuable platform for stratified clinical trial enrollment, longitudinal monitoring of phenotypic 395 
evolution, and the rational design of targeted, anti-invasive combination therapies. 396 
 397 
The intratumoral heterogeneity in migratory behavior in glioblastoma supports a model in which 398 
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intrinsic migratory programs interact with the mechanical microenvironment to shape invasion. 399 
These intrinsic programs are governed by motor and clutch proteins, whose expression generally 400 
does not change in response to differences in substrate stiffness [46]. Consistent with the role of 401 
intrinsic programs, FM cells are observed even in tumor regions where ECM stiffness is less 402 
optimal for migration (Fig. 5a,b). At the same time, the preferential enrichment of FM cells at the 403 
tumor periphery, together with in vitro findings that glioblastoma cells migrate durotaxically along 404 
stiffness gradients [46] suggest that the enrichment of FM cells at the tumor periphery may reflect 405 
the convergence of an intrinsic migratory state with a mechanically permissive microenvironment 406 
(Fig. 5g). The relative contributions of cell-intrinsic programs and extrinsic mechanical signals to 407 
the migration phenotype remain an open question. 408 
 409 
The classification of migratory phenotypes into FM and SM, however, likely oversimplifies a 410 
continuous spectrum of cell behaviors. As sample sizes increase and more diverse 411 
microenvironmental contexts are examined, additional thresholds or migratory states may emerge. 412 
Moreover, identifying RNA signatures across substrates with varying stiffness, substrates, or 413 
within alternative migratory environments, such as organoid systems [47], could provide insights 414 
into other aspects of glioblastoma migration. For instance, Wong et al. [20], using microfluidic 415 
systems with relatively stiff substrates (~1MPa), likely captured migratory programs engaged 416 
under mechanical conditions that differ substantially from those found in the brain, contributing to 417 
an RNA signature distinct from ours (Supplementary Fig. 7). Together, these studies provide a 418 
proof of principle for linking migration phenotypes with transcriptional states, while underscoring 419 
the need for future work that integrates diverse microenvironmental contexts. 420 
 421 
In sum, ex vivo characterization of glioblastoma cells from freshly resected specimens revealed 422 
migratory phenotypes that are associated with distinct cellular programs, pharmacologic 423 
responses, and clinical outcomes. This mechanism has broad relevance across other solid tumor 424 
types where mechanical stiffness drives malignancy. Finally, our study provides a blueprint for 425 
translating single-cell biophysical behaviors into personalized oncology strategies. 426 
  427 
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Methods 428 
Patient-derived glioblastoma cell culture 429 
Primary tumor samples were collected by C.C.C. with informed consent, from 35 patients 430 
undergoing surgical resection for glioblastoma at the University of Minnesota Medical Center 431 
(2017–2019; IRB approval: 9702M12335, STUDY00001136, IRB 120345X). Samples were 432 
transported on ice and processed within 16 h to preserve viability. Tumors were mechanically 433 
dissociated, washed in PBS (Gibco 10010-023), and treated with ACK lysis buffer (Gibco 434 
LSA1049201) to remove red blood cells. Cells were centrifuged and resuspended in neural stem 435 
cell media consisting of DMEM/F-12 (Gibco 11320033) supplemented with 1× B-27 (Gibco 12587-436 
010) and 1× penicillin–streptomycin (Corning 45000-650). The suspension was filtered through a 437 
40 µm strainer and plated on Matrigel-coated flasks (Corning 354263) with EGF (Peprotech AF-438 
100-15) and FGF (Peprotech AF-100-18B). Cultures were maintained with media changes every 439 
48 h until debris and immune cells were depleted (3–10 days) prior to imaging. Only patient lines 440 
with sufficient high-quality trajectories (≥30 cells per condition) were included in the study. 441 
 442 
Polyacrylamide hydrogel synthesis 443 
Polyacrylamide (PA) gels spanning five stiffness levels (nominal Young’s moduli of 0.7, 4.6, 9.3, 444 
19.5, and 100 kPa) were prepared as previously described [15]. Briefly, precursor solutions of 445 
40% acrylamide (Fisher BP1402), 2% bis-acrylamide (Fisher BP1404), 1 M HEPES (Sigma 446 
H6147), and deionized water were mixed to achieve the desired stiffness. After degassing, 447 
solutions were supplemented with 1% (v/v) ammonium persulfate (Bio-Rad 161-0700) and 448 
TEMED (Fisher BP150), cast onto silanized glass-bottom dishes (MatTek P35G-0-20-C), and 449 
covered with hydrophobic coverslips (Fisher 12-545-80) to form ~100 µm thick gels. Following 450 
polymerization, the PA gels were activated with sulfo-SANPAH (Thermo 22589) under UV 451 
illumination and functionalized overnight at 4 °C with the desired ECM protein: laminin (Corning 452 
354232), Matrigel (Corning 354230), collagen I (Corning 354236), or fibronectin (Sigma-Aldrich 453 
F1141). 454 
 455 
Migration assay 456 
Glioblastoma cells were plated on PA gels and allowed to adhere overnight. Time-lapse 457 
microscopy was performed as previously described [15]. Multi-position phase-contrast images 458 
were acquired every 15 min for 12 h using a Nikon Eclipse TE200 microscope equipped with a 459 
Plan Fluor 10×/0.30 NA objective and automated XY stage (NIS-Elements AR v4.5). Image 460 
processing and cell tracking were conducted using custom MATLAB scripts [10]. Raw image 461 
stacks were flat-field corrected and background-subtracted. Binary masks were generated via 462 
adaptive thresholding, followed by morphological opening/closing, hole filling, and watershed 463 
segmentation. Object features, including centroids, area, and major/minor axes, were extracted 464 
for each frame and linked across frames using the Hungarian algorithm. From the resulting 465 
trajectories, we computed the random motility coefficient (RMC), aspect ratio (major/minor axis), 466 
area, and adherence (fraction of cells remaining attached throughout the 12 h imaging period). 467 
RMC was derived from mean squared displacement using the 2D diffusion model as previously 468 
described [15]. A subset of the cell migration data has been previously published [48]. 469 
 470 
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Pharmacological inhibition 471 
To investigate the specific roles of cytoskeletal dynamics in cell motility, migration inhibitors were 472 
utilized. For actin disruption, cells were treated with latrunculin A (Sigma-Aldrich 428021-100UG; 473 
100 nM). For myosin II inhibition, cells were treated with blebbistatin (Sigma-Aldrich B0560-1MG; 474 
10 µM). Doses were selected based on their lack of measurable toxic effects on cells [24, 49]. 475 
Drugs were dissolved in dimethyl sulfoxide (DMSO) to create stock solutions and diluted in culture 476 
media immediately prior to use. Control conditions received an equivalent volume of DMSO 477 
vehicle (final concentration <0.1% v/v). Treatments were applied 2 h prior to the start of 478 
microscope imaging and maintained throughout the acquisition period. Trajectories were 479 
analyzed as described previously, and comparisons were made between drug- and vehicle-480 
treated cells. 481 
 482 
Computational motor–clutch modeling 483 
The governing equations and algorithms of the Cell Migration Simulator (CMS) have been 484 
described previously [10, 15]. Briefly, the CMS represents a cell as multiple protrusive modules 485 
that are nucleated stochastically at a rate determined by the maximum nucleation rate k_mod and 486 
the total actin pool a_total. Protrusions elongate at a polymerization rate determined by v_poly 487 
and a_total. Protrusions are stochastically capped at rate k_cap, terminating elongation, and are 488 
removed if their length falls below a minimum threshold l_min. 489 
 490 
Cell movement is determined by force balance between protrusive module forces and the cell 491 
body force across modules. Forces arise from a motor–clutch framework, in which individual 492 
clutch forces depend on the clutch spring constant k_c and clutch displacement. The total force 493 
contributions from the cell body and protrusive modules are given by the sum of individual clutch 494 
forces across n_cell cell-body clutches and n_c protrusion clutches. Clutches bind to F-actin with 495 
rate k_on and unbind with a rate that depends on a baseline unbinding rate k_off, the force on 496 
the clutch, and the motor force F_m, where F_m is given by the product of motor number n_m 497 
and single-motor force F_m. 498 
 499 
Parameter values were chosen based on previous simulations (Supplementary Table 2)[10]. 500 
Simulations were performed using a Monte Carlo framework based on the Gillespie stochastic 501 
simulation algorithm, in which events were selected probabilistically according to cumulative rates 502 
and time steps were determined from the total rate and a uniform random number. The C++ 503 
implementation of the CMS [10] was used for all simulations and run on the Mesabi cluster at the 504 
Minnesota Supercomputing Institute (MSI). To simulate myosin inhibition (blebbistatin), the 505 
motor–clutch ratio was modified by reducing the number of motors n_m while keeping the number 506 
of clutches n_c constant. To simulate actin disruption (latrunculin A), the actin polymerization rate 507 
v_poly was systematically decreased. 508 
 509 
Migration data analysis 510 
Preprocessing: Data preprocessing was conducted using R (v4.4.1). Continuous cell migration 511 
features (RMC, aspect ratio, area, and adherence) were aggregated as mean values per patient 512 
(~50 cells per patient per condition) across each experimental condition (stiffness, ECM, or drug) 513 
for each patient. To stabilize variance and minimize the influence of outliers, continuous variables 514 
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were transformed with the BoxCox procedure (caret v7.0-1). This family of power transformations 515 
reduces skewness and approximates a normal distribution by identifying an optimal parameter (λ) 516 
for each feature. The transformed features were then centered to mean 0 and scaled to unit 517 
variance (Z score standardization). Categorical variables were one-hot or integer-encoded as 518 
appropriate. 519 
 520 
Hierarchical clustering: For hierarchical clustering, features with ≤25% missing values were 521 
imputed using k-nearest-neighbors (k = 5; VIM v6.2.2). In sensitivity analyses, simple median 522 
imputation was also tested, which produced slightly different clusters but led to equivalent 523 
downstream results and interpretations. Clustering was performed using the Ward linkage method 524 
and Euclidean distance to define the FM and SM groups. 525 
 526 
Survival analysis: To evaluate the prognostic value of the migratory phenotypes, progression-527 
free survival (PFS) was utilized as the primary clinical endpoint. PFS was defined as the time 528 
interval (in months) from the date of initial surgical resection to the date of first documented 529 
radiographic disease recurrence or death from any cause. Survival probabilities were estimated 530 
using the Kaplan-Meier method and compared using log-rank tests. Survival analysis was 531 
conducted using survival (v3.6-4) and visualized using survminer (v0.5.0) in R. 532 
 533 
RNA-sequencing 534 
RNA-seq: Eight primary tumor samples were collected at the time of surgical resection from 535 
glioblastoma patients treated at the University of Minnesota Medical Center between 2017 and 536 
2019. Tumor samples were immediately placed in RNALater solution and flash frozen in liquid 537 
nitrogen and stored in –80 °C. RNA extraction and sequencing were performed at the University 538 
of Minnesota Genomics Center (UMGC, Minneapolis, MN). Total RNA was isolated with the 539 
RNAeasy Plus Universal Mini kit (Qiagen) and poly-A libraries were prepared using TruSeq-540 
stranded mRNA (Illumina). Next-generation sequencing was performed on an Illumina HiSeq 541 
2500 device in high output mode, generating 51 bp reads with ~20 million paired reads per sample. 542 
 543 
Preprocessing: Raw sequencing data was processed using the nf-core RNA-seq pipeline 544 
(v3.18.0) with default, reverse-stranded settings. Briefly, reads were checked for the presence of 545 
adapters and quality with FastQC (v0.12.1). Adapter sequences and low-quality bases were 546 
removed with Trim Galore! (v0.6.10) and Cutadapt (v4.9). The trimmed reads were mapped 547 
against the Ensembl human reference genome (GRCh38 release 113) with a spliced-aware 548 
aligner, STAR (v2.7.11b). Duplicate alignments were marked with Picard MarkDuplicates (v3.1.1). 549 
The output SAM files from STAR were sorted and indexed to BAM files using SAMtools (v1.21). 550 
Gene counts were generated using BAM-level quantification with Salmon (v1.10.3), and StringTie 551 
(v2.2.3) was used for transcript assembly and quantification. 552 
 553 
Mayo Clinic PDX RNA-seq: To supplement our primary patient RNA-seq and increase statistical 554 
power, we obtained RNA-seq data from ten Mayo Clinic Brain Tumor Patient-Derived Xenograft 555 
(PDX) lines (www.cbioportal.org) [37] with matching migration data from our previous study [10]. 556 
Migration data was processed as described above. Raw counts for Mayo Clinic Brain Tumor PDX 557 
samples were obtained via request from Mayo Clinic. 558 
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 559 
Transcriptomic analysis 560 
Differential expression analysis: Differential gene expression (DE) analysis was performed in 561 
R (v4.4.1) with DESeq2 (v1.44.0). For primary tumor samples, transcript abundance estimates 562 
from Salmon were converted to gene-level counts with tximport (v1.32.0), while raw counts were 563 
imported directly for PDX samples. The two count matrices were then merged for downstream 564 
analysis resulting in a total of 18 samples (8 primary and 10 Mayo PDX). Low-expressed genes 565 
were pre-filtered by only retaining genes with a count of at least 10 for at least half of the samples. 566 
To account for potential confounding effects, sample origin (primary vs. PDX) was included as a 567 
covariate in the design formula (~origin + group).  568 
 569 
The 18 patients were stratified into FM and SM groups using the combined RMC Z score across 570 
0.7, 4.6, and 9.3 kPa substrates, with a Z score of 0 serving as the cutoff. Standard DE analysis 571 
between the FM and SM groups was performed (Supplementary Table 3). Normalization of 572 
counts for downstream analysis was performed by variance stabilized transformation (VST). 573 
Shrinkage of effect size (LFC estimates) for visualization and gene ranking was performed using 574 
the ashr method. Batch effects attributable to sample origin were corrected with limma (v3.60.5). 575 
Principal component analysis (PCA) was conducted on the batch-corrected VST-normalized 576 
counts to assess sample clustering using prcomp. Heatmaps were generated with 577 
ComplexHeatmap (v2.20.0) and volcano plots were generated with EnhancedVolcano (v1.20.0). 578 
Other plots were generated or modified using ggplot2 (v3.5.1). 579 
 580 
Pathway analysis: Over representation analysis (ORA) was performed using the R package 581 
clusterProfiler (v4.12.3) to identify significantly enriched (adjusted P value < 0.05) gene ontology 582 
(GO) pathways associated with migratory phenotypes. Human Entrez Gene identifiers were 583 
mapped using org.Hs.eg.db (v3.19.1), with the statistical background defined as all genes that 584 
passed expression filtering. Separate analyses were conducted for DEGs upregulated in the FM 585 
group (FDR < 0.05 and logFC > 0) and SM group (FDR < 0.05 and logFC < 0). Enrichment P 586 
values were calculated using a one-tailed hypergeometric test and adjusted for multiple 587 
comparisons using the Benjamini-Hochberg procedure (Supplementary Table 4). The results 588 
were visualized using enrichplot (v1.22.0) and ggplot2 (v3.5.1). Enrichment map networks were 589 
generated using emapplot to identify pathways with overlapping gene sets. 590 
 591 
Motor–clutch analysis: To quantify the relative expression of motor versus clutch genes, we 592 
defined two gene sets based on canonical genes in the motor–clutch model [26, 27]. The motor 593 
gene set included non-muscle myosin II heavy-chain isoforms MYH9, MYH10, and MYH14, which 594 
generate contractile forces that drive retrograde actin flow. The clutch gene set included the 595 
integrins ITGB1 and ITGA5, the talin isoforms TLN1 and TLN2, and vinculin (VCL), which couple 596 
the actin cytoskeleton to the extracellular matrix. Of the eight primary tumor samples with RNA-597 
seq, five had corresponding blebbistatin migration data and were classified as blebbistatin-598 
enhanced (n = 3) or blebbistatin-suppressed (n = 2) based on their response to myosin II inhibition. 599 
For each of these samples, a motor score and a clutch score were computed as the mean VST-600 
normalized expression across the corresponding gene sets. Because VST values are on a log-601 
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like scale, a motor–clutch logFC ratio was obtained by subtracting the clutch score from the motor 602 
score.  603 
 604 
We also derived DEGs and enriched pathways for the blebbistatin-enhanced and -suppressed 605 
groups as described above (Supplementary Table 5, Supplementary Table 6). To assess 606 
whether the results could be replicated in an unsupervised manner, we only used motor and clutch 607 
genes found in the DEGs. We manually identified motor and clutch genes among the DEGs apriori 608 
and computed motor/clutch ratios. Due to the limited sample size (n = 5), formal statistical 609 
comparisons of motor–clutch differences were not performed. 610 
 611 
Migration gene signature 612 
TCGA and CGGA Transcriptomics: We obtained RNA-seq RSEM values from The Cancer 613 
Genome Atlas (TCGA) glioblastoma dataset (www.cbioportal.org, Cell 2013 [35], n = 144 when 614 
IDH1-mutant excluded) and raw counts from the Chinese Glioma Genome Atlas (CGGA) 615 
(www.cgga.org.cn [38], mRNAseq_325, mRNAseq_693, n = 298 when IDH1-mutant tumors 616 
excluded). For these RNA-seq datasets, raw count matrices were imported via 617 
DESeqDataSetFromMatrix, with RSEM values rounded to the nearest whole number. Low-618 
expressed genes were pre-filtered by retaining only genes with ≥10 counts in at least 20 samples 619 
(TCGA) or 200 samples (CGGA), followed by normalization via variance stabilized transformation 620 
(VST). Additionally, we obtained pre-normalized expression data from the TCGA glioblastoma 621 
Firehose microarray dataset (www.cbioportal.org, Firehose Legacy, n = 525). Notably, IDH1-622 
mutational status was not available for the microarray cohort, and its patient population contains 623 
partial overlap with the TCGA RNA-seq cohort. 624 
 625 
Signature derivation: To derive a migration signature with prognostic value, we iteratively 626 
pruned the 141 DEGs between the FM and SM groups using the TCGA RNA-seq dataset (n = 627 
144, IDH1-mutant excluded) as a discovery cohort. At each iteration, we removed the gene whose 628 
exclusion maximized Harrell’s concordance index (c-index) for progression-free survival (PFS). 629 
The c-index measures predictive discrimination in survival analysis and is the fraction of all usable 630 
patient pairs in which the subject with the higher predicted risk experiences the event sooner 631 
(0.5 = chance, 1 = perfect). After each pruning step we also computed log-rank P value (Kaplan-632 
Meier, KM), Likelihood ratio test P value (Cox), time-dependent area under the receiver operating 633 
curve (AUC) at median survival, and integrated Brier score (IBS) to further assess model 634 
performance.  635 
 636 
Rather than strictly selecting the model with the absolute maximum c-index, which may lead to 637 
overfitting on a small number of genes, we applied a tolerance-based selection criterion. We 638 
identified the maximum c-index achieved during pruning and selected all candidate gene sets that 639 
performed within 0.01 of this peak. From these candidate sets, we selected the largest gene set, 640 
yielding a robust 13-gene migration signature (Supplementary Table 7). To assess the specificity 641 
of the signature, we performed a permutation test with 10,000 bootstrap iterations. In each 642 
iteration, a random 13-gene set was sampled from the DEGs, and its prognostic performance was 643 
compared to the migration signature. 644 
 645 
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Prospective in vitro validation: For prospective validation of the migration signature, we 646 
calculated migration scores for the complete cohort of Mayo PDX samples with available RNA-647 
seq as described previously. For each patient, we computed the migration score using single-648 
sample gene set enrichment scoring with singscore (v1.24.0), defined as the difference between 649 
independently computed rank-based FM and SM gene set scores (FM − SM). Based on these 650 
scores, we stratified samples and prospectively selected eight PDX lines representing distinct 651 
predicted phenotypes: four predicted as FM and four predicted as SM. These eight previously 652 
uncharacterized lines were then subjected to 2D migration assays on laminin-coated PA gels with 653 
stiffness levels mimicking brain tissue (4.6 kPa) in a blinded manner. Upon unblinding, RMC was 654 
quantified to determine whether migration scores correlated with observed motility, as described 655 
above. 656 
 657 
Prospective in vivo validation: We calculated migration scores for each PDX sample using 658 
single-sample gene-set enrichment (singscore, v1.24.0). We then examined the relationship 659 
between these migration scores and in vivo invasiveness, using histologically defined invasion 660 
stages (I–IV) from the Mayo Clinic [37]. Briefly, invasion was quantified histologically on coronal 661 
brain sections by immunostaining for human-specific markers (e.g., Lamin A/C) to identify 662 
infiltrating tumor cells and assign an ordinal invasion score (I–IV), ranging from unilateral, well-663 
demarcated tumors to diffuse bilateral infiltration with midline crossing, based on the extent and 664 
pattern of parenchymal spread. 665 
 666 
Survival analysis: For each patient, migration signature scores were computed using single-667 
sample gene-set enrichment (singscore, v1.24.0). Patients were stratified into high- (FM) and low-668 
score (SM) groups based on cohort-specific median scores, and survival analysis was performed. 669 
We validated the migration signature in two independent cohorts, the larger CGGA cohort for 670 
overall survival (OS) and TCGA RNA-seq and microarray cohorts for PFS and OS. Kaplan-Meier 671 
curves were compared using log-rank tests (survival v3.6-4).  672 
 673 
To determine whether the migration signature serves as an independent prognostic indicator 674 
when controlling for established clinical and molecular confounders, we performed multivariate 675 
Cox proportional hazards regression. The covariate adjustments were tailored to the available 676 
clinical data for each cohort. The TCGA analysis adjusted for molecular subtype (G-CIMP, Neural, 677 
Proneural, and Mesenchymal), MGMT promoter methylation status, sex, and age.The CGGA 678 
analysis adjusted for tumor type (primary, secondary, recurrent), MGMT promoter methylation 679 
status, sex, and age. All survival analyses were conducted using survival (v3.6-4) and visualized 680 
using survminer (v0.5.0) in R. 681 
 682 
Orthogonality analysis: To evaluate the orthogonality of the migration signature relative to 683 
existing glioblastoma subtypes, we benchmarked our 13-gene signature against four published 684 
gene sets: the standard molecular subtypes (Proneural, Classical, Mesenchymal) from Wang et 685 
al. (2017) [5]; developmental and injury response programs from Richards et al. (2021) [9]; 686 
metabolic states (Glycolytic/Plurimetabolic, Proliferative/Progenitor, Mitochondrial, Neuronal) 687 
from Garofano et al. (2021) [7]; and the lineage subtypes (Type I, Type II; renamed Neural Stem 688 
and OPC respectively) from Wang Z. et al. (2020) [8]. Gene set overlap was quantified using the 689 
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Jaccard index. For each patient, migration signature scores were computed using single-sample 690 
gene-set enrichment (singscore, v1.24.0). The association between signatures was quantified 691 
using Kendall’s rank correlation coefficient (tau). This metric was selected because it measures 692 
the probability of concordant patient ordering rather than linear value association, making it robust 693 
to diverse gene signatures. P values for pairwise correlations were adjusted for multiple 694 
hypothesis testing using Bonferroni correction. To further determine if the migration signature was 695 
correlated with any existing glioblastoma subtypes, we stratified TCGA RNA-seq cohort patients 696 
(n=144, IDH1-mutant excluded) according to subtype assignments from each publication. 697 
Patients were assigned to the subtype yielding the maximal single-sample enrichment score 698 
among the signatures defined in each respective study. We compared the distribution of migration 699 
scores within each subtype against the cohort-wide median using Wilcoxon rank-sum tests. 700 
 701 
Single-nucleus RNA-sequencing 702 
Patient samples: Multi-regional sampling was performed under an institutional review board–703 
approved protocol (IRB120345X), with informed consent obtained from all patients and in 704 
accordance with the Declaration of Helsinki. Using Medtronic stereotactic guidance, 705 
neurosurgeons secured targeted specimens from three predefined anatomical compartments: the 706 
tumor core (non-enhancing), the contrast-enhancing tumor edge, and adjacent normal cortex 707 
(non-enhancing tissue beyond the tumor margin). To minimize brain shift, biopsies were obtained 708 
early during resection. Each specimen underwent immediate neuropathologic review to confirm 709 
that the sampled tissue corresponded to its intended spatial region, ensuring accurate assignment 710 
of core, edge, and normal compartments for downstream analyses. Tumor specimens were flash-711 
frozen in liquid nitrogen immediately after surgical resection and stored at −80 °C until processing 712 
for 10x Genomics Multiome analysis.  713 
 714 
10x Multiome: Samples were thawed and nuclei were isolated as previously described [50]. 715 
Isolated nuclei were processed using the 10x Genomics Chromium Single Cell Multiome ATAC + 716 
Gene Expression assay according to the manufacturer’s protocol, targeting recovery of 5,000–717 
10,000 nuclei per sample. Library quality was assessed on an Agilent 4200 TapeStation using 718 
High Sensitivity ScreenTape, and library concentrations were quantified by real-time PCR. 719 
Libraries were sequenced on an Illumina NextSeq 2000 platform. Raw sequencing data were 720 
processed using Cell Ranger ARC (10x Genomics) and aligned to the human GRCh38 reference 721 
genome [40]. 722 
 723 
CopyKAT: To identify malignant cells, we inferred large-scale copy number alterations using 724 
CopyKAT (tl.copykat) implemented in infercnvpy (v0.6.1) which classifies aneuploid tumor cells 725 
apart from diploid normal cells. Analyses were performed on raw UMI counts and CNV profiles 726 
with a smoothing window of 25 genes. Cells called as aneuploid by CopyKAT largely matched 727 
expression-based tumor annotations. CopyKAT was run on each sample individually before 728 
integration and inference was performed without a reference since CopyKAT uses an 729 
unsupervised Bayesian approach that identifies diploid and aneuploid populations directly from 730 
the data.  731 
 732 
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snRNA-seq analysis: All analyses of single-nucleus RNA-sequencing (snRNA-seq) data was 733 
performed in Python (v3.13.7) using Scanpy (v1.11.4) following standard best practices [51]. In 734 
brief, cells with low total counts or excessively high mitochondrial RNA fraction were excluded, 735 
and genes expressed in only a few cells were filtered. For integration of multiple samples, we 736 
applied Harmony with default parameters to correct for batch effects while preserving biological 737 
variation. Counts were library-size normalized (sc.pp.normalize_total) and log-transformed 738 
(sc.pp.log1p). Highly variable genes were selected (sc.pp.highly_variable_genes), data were 739 
scaled to unit variance, principal components (PCs) were computed (sc.tl.pca), and a 740 
neighborhood graph was built (sc.pp.neighbors). Two-dimensional embeddings were generated 741 
with UMAP (sc.tl.umap) for visualization. Clustering was performed using Leiden on the kNN 742 
graph. Manual cell type annotation was performed using a combination of established cell type 743 
markers and automated reference-based annotation using CellTypist (v1.4.0). Cells showing 744 
concurrent expression of marker genes from more than one cell type were flagged as potential 745 
doublets and filtered as appropriate. In addition, computational doublet detection was performed 746 
in Scanpy using Scrublet (v0.2.3). 747 
 748 
To quantify a per-cell migration score we used our 13-gene migration signature and scored each 749 
cell using Scanpy gene-set scoring (sc.tl.score_genes). This function computes the average 750 
expression of the query gene set minus the average expression of a matched reference set of 751 
control genes sampled from the same expression bins. We computed two scores, one for the up-752 
regulated list (Fast genes) and one for the down-regulated list (Slow genes) and defined the 753 
migration score as up minus down. Migration scores were standardized across cells (Z score) 754 
and used to categorize cells as slow (z < 0) or fast (z ≥ 0). For each region we calculated the 755 
fraction of cells in each state (SM or FM), the log2-fold change of FM to SM cells, and the average 756 
migration score. 757 
 758 
Validation scRNA-seq: To validate the spatial relevance of our migration signature, we utilized 759 
a 5-ALA-guided, region-annotated glioblastoma single-cell RNA sequencing (scRNA-seq) dataset 760 
from Mossi Albiach et al. 2025, publicly available on CZ CELLxGENE Discover [41]. This sample 761 
was obtained from a right temporal lobectomy, a surgical procedure that enabled systematic multi-762 
region sampling extending significantly beyond the standard resection margin. Tissue biopsies 763 
were harvested along a radial trajectory from the tumor mass into macroscopically normal 764 
neocortex and annotated via intraoperative 5-ALA fluorescence to minimize brain shift bias. The 765 
anatomical labels included macroscopically normal cortex (C), periphery (P), tumor regions with 766 
low (LF) or high (HF) fluorescence, and necrotic core (NC). We used the authors’ sampling 767 
scheme and region labels as provided. Raw count matrices and accompanying metadata were 768 
downloaded directly from CELLxGENE. 769 
 770 
Magnetic Resonance Elastography (MRE) 771 
To characterize the stiffness gradients of glioblastoma tumors in vivo, we reanalyzed publicly 772 
available MRE data from 9 glioblastoma patients. Imaging data was obtained from Svensson et 773 
al. (2021) [17] available via Zenodo (record 4926005). The dataset contains co-registered 774 
multimodal MR images, corresponding segmentations, and quantitative MRE stiffness maps for 775 
patients with histologically confirmed glioblastoma. All images were processed in a common 776 
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Montreal Neurological Institute (MNI) space to enable spatially consistent radial sampling across 777 
patients. All analyses were conducted in Python (v3.10) 778 
 779 
For each subject, MRI-derived segmentation masks defined four distinct regions: necrotic core 780 
(index 0), contrast-enhancing tumor (1), peritumoral edema (2), and normal-appearing 781 
brain/cortex (3). All computations were restricted to voxels within the brain mask. For elastography, 782 
we used the magnitude of the complex shear modulus (Gabs, |G*|). To express tissue mechanics 783 
in a form more comparable to our 2D migration assays, we converted |G*| to an approximation of 784 
the isotropic Young’s modulus using the relation E = 3|G*|, assuming tissue incompressibility 785 
(Poisson’s ratio ≈ 0.5). This conversion is standard in the field and well-suited to brain tissue, 786 
which is highly hydrated and exhibits nearly incompressible behavior under small deformations. 787 
We applied 3D Gaussian smoothing (σ = 2 voxels) to suppress voxel-level noise. 788 
 789 
To characterize how stiffness changes from the center of the tumor to the surrounding brain, for 790 
every subject, we identified the tumor center as the point deepest inside the necrotic/contrast-791 
enhancing compartment using a distance-transform-based approach (voxel with the maximal 792 
distance to the necrotic core boundary). Distances from this center to all intracranial voxels were 793 
computed in 3D and binned into concentric shells from 0 to 100 mm in 2-mm steps. For each shell 794 
we calculated (i) the mean MRE-derived stiffness (with 5% trimming to limit the influence of 795 
outliers); (ii) the corresponding variance; (iii) the average tissue index (0–3) as a proxy for the 796 
dominant region at that radius; and (iv) the proportion of voxels belonging to each of the four 797 
regions. One subject (Patient F) was excluded after analysis due to its atypical stiffness profile 798 
(extremely stiff tumor core, >8 kPa). 799 
 800 
Statistics and reproducibility 801 
All statistical analyses were performed in R (v4.4.1) with data manipulation and visualization in 802 
the tidyverse ecosystem (v2.0.0). Mixed-effects modeling was conducted using lme4 (v1.1-35), 803 
with Type-III Analysis of Variance (ANOVA) tables and Kenward-Roger degrees of freedom 804 
approximations computed via lmerTest (v3.1-3). Post-hoc marginal means and pairwise 805 
comparisons were estimated using emmeans (v1.10.0). Model assumptions (normality of 806 
residuals, homoscedasticity) were verified using performance (v0.14.0) and insight (v1.3.1). 807 
 808 
To ensure rigorous statistical inference and avoid pseudoreplication, biological replicates were 809 
defined as individual patients, while single cells were treated as subsamples (technical replicates) 810 
nested within patient. While data were collected at the single-cell level, to prevent inflation of 811 
statistical power, primary hypothesis testing was conducted on patient-level aggregated means. 812 
Single cells were modeled as repeated measures using appropriate random effects structures. 813 
When patients were measured on multiple substrates, these measurements were also treated as 814 
repeated measures within the same patient. This approach ensured that P values reflected the 815 
variability between biological donors rather than intra-patient technical noise.  816 
 817 
Consequently, we used hierarchical linear mixed-effects models (LMMs) to model patient means 818 
using lme4, incorporating random intercepts for each patient to account for the repeated-819 
measures design (where the same patient is measured across multiple stiffnesses or substrates). 820 
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For migration metrics, we used a hierarchy of linear mixed-effects models with varying random 821 
effects structures: random intercepts for patient effects, with or without random slopes for patient 822 
× substrate interactions. Models were fit to both cell-level data and patient-aggregated means. 823 
Models were evaluated using AIC/BIC and marginal/conditional R2.  824 
 825 
Stiffness was modeled as a fixed effect (log10 transformed to linearize the exponential range of 826 
matrix elasticity). To determine whether cellular mechanosensitivity followed a linear or biphasic 827 
response across the stiffness range (0.7–100 kPa), we compared two regression frameworks: (1) 828 
a log-linear model assuming a continuous, monotonic response proportional to log10(stiffness) 829 
and (2) a biphasic (piecewise linear) model assuming a change in slope at particular knots defined 830 
a priori (4.6 kPa for RMC or the geometric mean of 4.6 and 9.3 kPa for aspect ratio). For biphasic 831 
models, the significance of the shift in the stiffness response was evaluated by testing the 832 
difference between the pre- and post-breakpoint slopes using a Wald t-test. For group 833 
comparisons (FM vs. SM patients), we assessed statistical significance by the group main effect. 834 
Significance of fixed effects was determined using Type III ANOVA with Kenward-Roger degrees 835 
of freedom approximations. Post-hoc testing was performed to compare differences between 836 
groups at specific stiffness levels and differences across stiffness levels with Tukey’s adjustment 837 
for multiple comparisons. 838 
 839 
For experiments involving distinct ECM coatings (laminin, collagen, Matrigel, fibronectin), 840 
substrate ECM was modeled as a fixed categorical effect. For group comparisons (FM vs. SM 841 
patients), we assessed statistical significance based on the group main effect. A significant 842 
interaction indicated that the two groups exhibited distinct responses to ECM. Significance of fixed 843 
effects was determined using Type III ANOVA with Kenward-Roger degrees of freedom 844 
approximations. Post-hoc testing was performed to compare differences between groups on 845 
specific ECMs and differences across ECMs with Tukey’s adjustment for multiple comparisons. 846 
 847 
Due to the limited sample size in drug perturbation experiments (latrunculin A, n = 6; blebbistatin, 848 
n = 17) preventing robust parametric modeling, comparisons between treated and untreated 849 
conditions were performed using non-parametric two-sided Wilcoxon rank-sum tests. For 850 
completeness, all mixed-effects models were also fit to the raw cell-level data (nesting cells within 851 
patients via random effects). In all cases, fixed-effect conclusions derived from cell-level models 852 
were consistent with those from the primary patient-mean analysis. Statistical significance was 853 
defined as p < 0.05. 854 
 855 
Data availability 856 
RNA-seq data generated in this study will be deposited in the NCBI Gene Expression Omnibus 857 
(GEO) upon publication. Publicly available datasets used in this study include: The Cancer 858 
Genome Atlas (TCGA) glioblastoma RNA-seq dataset, available via cBioPortal under the study 859 
ID gbm_tcga_pub2013; The TCGA glioblastoma microarray dataset, available via cBioPortal 860 
under the study name: Firehose Legacy; the Chinese Glioma Genome Atlas (CGGA) RNA-seq 861 
datasets, available via the CGGA Portal under dataset IDs mRNA-seq_325; the Mayo Clinic Brain 862 
Tumor Patient-Derived Xenograft (PDX) RNA-seq dataset, available via cBioPortal under study 863 
ID gbm_mayo_pdx_sarkaria_2019; and the 5-ALA guided region-annotated glioblastoma scRNA-864 
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seq dataset, available via the CZ CELLxGENE Discover repository under dataset SL040 [41, 52]. 865 
Counts for Mayo Clinic Brain Tumor PDX samples are not publicly available and were obtained 866 
via request from Mayo Clinic. Magnetic Resonance Elastography (MRE) data are available via 867 
Zenodo (record 4926005) [17]. Source data are provided with this paper. 868 
 869 
Code availability 870 
All code will be publicly available in a GitHub repository and archived at Zenodo upon publication. 871 
  872 
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Figures 1 
Figure 1 2 

 3 
Fig. 1: A mechanosensitive migratory phenotype in patient-derived glioblastoma cells 4 
predicts rapid tumor recurrence. a, Schematic of the 2D migration assay. Patient-derived 5 
glioblastoma cells (n = 35 tumors) were seeded onto polyacrylamide (PA) gels with tunable 6 
stiffness (0.7, 4.6, 9.3, 19.5, or 100 kPa), approximating the elasticity of various tissues (brain to 7 
skin) [18], and functionalized with distinct ECM ligands (laminin, collagen, Matrigel, or fibronectin). 8 
b, Heatmap showing hierarchical clustering (Euclidean distance, Ward’s method linkage) of 9 
patient-derived tumors (n = 35) based on random motility coefficient (RMC) quantified on 10 
substrates with stiffnesses of 0.7, 4.6, and 9.3 kPa. Clustering identifies two distinct migratory 11 
phenotypes, Fast-Migrating (FM, red) and Slow-Migrating (SM, blue). c, Histogram of combined 12 
RMC (0.7, 4.6, and 9.3 kPa) stratified by phenotype. The FM (red) and SM (blue) groups display 13 
significantly different distributions (P = 4.8×10−7, two-sided Wilcoxon rank-sum test). d, e, RMC 14 
as a function of ECM ligand (d) and substrate stiffness (e) stratified by migratory phenotype. The 15 
FM phenotype displays higher motility across all ECMs and a biphasic stiffness response (peak 16 
at 4.6 kPa) compared to the SM phenotype. Data are mean ± s.e.m. P values indicate the main 17 
effect of migratory phenotype (Type III ANOVA). Asterisks denote pairwise significance 18 
determined by Tukey’s post-hoc test. Significance: ns ≥ 0.05, * < 0.05, ** < 0.01, and *** < 0.001. 19 
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f, Kaplan-Meier survival analysis of progression-free survival (PFS) reveals significantly shorter 20 
time to recurrence for the FM compared to SM group (Log-rank P = 0.0339, ΔMS = 2 months). 21 
ΔMS, difference in median survival months. 22 
  23 
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Extended Data Figure 1 24 

 25 
Extended Data Fig. 1 (related to Fig. 1): ECM ligand and stiffness screening identify optimal 26 
conditions for glioblastoma migration. a, b, Screening of ECM ligands (a) and stiffness levels 27 
(b) to identify the optimal substrate for migration. Quantification of random motility coefficient 28 
(RMC), aspect ratio, area, and fractional adherence reveal laminin and collagen promote 29 
significantly higher RMC (P = 4.9×10−4) and laminin promotes greater substrate adherence (P = 30 
1.3×10−3) compared with other ligands (Type III ANOVA, linear mixed-effects models). Thus, 31 
laminin was selected as the ligand for experiments with varying stiffness. RMC (P = 4.6×10−5) and 32 
aspect ratio (P = 2.7×10−6) exhibit a biphasic dependence on stiffness, with maxima at 33 
intermediate, brain-like stiffness (~4.6–9.3 kPa) (Wald t-test on change in slope). Data are mean 34 
± s.e.m. Red points indicate significantly higher post hoc comparisons (see Supplementary Fig. 35 
1). c, Computational motor–clutch model simulations for RMC and aspect ratio as a function of 36 
substrate stiffness (data from [15]).  37 
  38 
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Extended Data Figure 2 39 

 40 
Extended Data Fig. 2 (related to Fig. 1): Fast-Migrating (FM) glioblastoma cells exhibit 41 
enhanced sensitivity to ECM composition and substrate stiffness. a, Heatmap of Z scored 42 
migration features (random motility coefficient (RMC), aspect ratio, area, and adherence) across 43 
9.3 kPa substrates coated with laminin, collagen, Matrigel, or fibronectin for n = 24 patient 44 
samples. Patients (columns) are ordered as in Fig. 1b and grouped into FM and SM phenotypes. 45 
Hierarchical clustering (Euclidean distance, Ward linkage) of migration metrics (rows) separates 46 
area, RMC, and aspect ratio across ECM conditions. b, Migration metrics from a stratified by FM 47 
(red) and SM (blue) phenotypes. P values indicate the significance of the FM versus SM group 48 
effect (Type III ANOVA), and asterisks denote significant Tukey-adjusted post hoc comparisons 49 
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between FM and SM within each ECM condition. c, Heatmap (as in a) of migration features 50 
across laminin-coated substrates spanning stiffnesses of 0.7, 4.6, 9.3, 19.5, and 100 kPa for n = 51 
35 patient samples. Hierarchical clustering (Euclidean distance, Ward linkage) of migration 52 
metrics (rows) separates area, RMC, and aspect ratio across substrate stiffness. d, Migration 53 
metrics from c stratified by FM (red) and SM (blue) phenotypes. P values indicate the significance 54 
of the FM versus SM group effect (Type III ANOVA), and asterisks denote significant Tukey-55 
adjusted post hoc comparisons between FM and SM at each stiffness level. Significance: ns, P ≥ 56 
0.05; *, P < 0.05; **, P < 0.01; ***, P < 0.001. 57 
  58 
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Extended Data Figure 3 59 

 60 
Extended Data Fig. 3 (related to Fig. 1): Association of clinical variables with the migratory 61 
phenotypes. Heatmap of migration features (random motility coefficient (RMC), aspect ratio, and 62 
area) on laminin-coated 0.7, 4.6, 9.3, 19.5, and 100 kPa substrates. Columns represent individual 63 
patients (n = 35), clustered into FM (red) and SM (blue) migratory phenotypes as defined in Fig. 64 
1b. Clinical variables (top) include age, weight, sex, and MGMT promoter methylation 65 
(Supplementary Table 1). Migratory phenotype was not associated with any of these clinical 66 
variables (P > 0.05, two-sided Chi-square test for categorical variables, two-sided Wilcoxon rank-67 
sum test for continuous variables).  68 
  69 
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Figure 2 70 

  71 
Fig. 2: Motor–clutch dynamics predict heterogeneous migratory responses to cytoskeletal 72 
inhibition. a, Schematic of the motor–clutch model of cellular migration illustrating the targets of 73 
latrunculin A (actin polymerization) and blebbistatin (myosin II motors). b, Computational motor–74 
clutch model simulations predict a monotonic decrease in random motility coefficient (RMC) with 75 
reduced actin polymerization. c, Experimental validation in patient-derived glioblastoma cells 76 
treated with latrunculin A (100 nM, n = 6 patients). d, Heatmap of the log2-fold change (logFC) in 77 
RMC, aspect ratio, and area for 100 nM of latrunculin A relative to control, showing consistent 78 
suppression across all patients, regardless of migratory phenotype. e, Simulations predict a 79 
biphasic migration response to changes in motor number (motor/clutch ratio). f, Experimental 80 
validation with blebbistatin treatment (10 μM, n = 17 patients) reveals some patients are enhanced 81 
(green, increased RMC) while others are suppressed (orange, decreased RMC) by blebbistatin. 82 
g, Heatmap (as in d) for blebbistatin-treated cells, showing difference between FM and SM groups 83 
in terms of enhanced and suppressed responses. h, Heatmap showing Z score expression of 84 
canonical motor (top) and clutch (bottom) genes in blebbistatin-suppressed and blebbistatin-85 
enhanced samples (n = 5). i, Motor/clutch ratios calculated from genes in h, distinguishing the 86 
two groups. j, Volcano plot identifying differentially expressed genes (DEGs) between 87 
blebbistatin-enhanced (n = 108) and blebbistatin-suppressed (n = 203) groups (FDR < 0.05, 88 
|logFC| > 1). k, Motor/clutch ratios calculated from selected DEGs (Extended Data Fig. 4d) 89 
confirm distinct motor–clutch dynamics between the two groups. Data are mean ± s.e.m. 90 
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Statistical comparisons were assessed using two-sided Wilcoxon rank-sum tests. Significance: 91 
ns ≥ 0.05, * < 0.05, ** < 0.01, and *** < 0.001. 92 
  93 
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Extended Data Figure 4 94 

 95 
Extended Data Fig. 4 (related to Fig. 2): Transcriptional pathways distinguish blebbistatin-96 
enhanced and blebbistatin-suppressed motor–clutch states. a, b, Dot plot of pathways 97 
enriched in blebbistatin-suppressed DEGs (a, orange) and blebbistatin-enhanced DEGs (b, 98 
green). Gene Ratio denotes fractions of genes annotated to a given GO term relative to the total 99 
genes in that term. Dot size represents gene count. Color indicates statistical significance 100 
(adjusted P value). c, Enrichment map network visualizing links between GO pathways (black 101 
nodes) and genes (colored nodes). Pathway node size is proportional to the number of mapped 102 
genes, while gene nodes are colored by log2-fold change (logFC). The network highlights an ECM 103 
and migration-regulatory module specific to blebbistatin-suppressed DEGs (orange) and a 104 
neuronal differentiation and guidance module specific to blebbistatin-enhanced DEGs (green). d, 105 
Heatmap showing row-scaled Z scores of selected motor and clutch DEGs (see Fig. 2j,k) in 106 
blebbistatin-suppressed versus blebbistatin-enhanced patients (n = 5). 107 
  108 
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Figure 3 109 

 110 
Fig. 3: A gene signature capturing the migratory phenotypes predicts motility and clinical 111 
prognosis. a, Schematic of the gene signature discovery workflow combining RNA-seq and 2D 112 
migration assays. Analyses were performed on primary patient (n = 8) and Mayo clinic PDX 113 
samples (n = 10). b, Heatmap showing separation of samples (n = 18) into migratory phenotypes, 114 
Fast-Migrating (FM) (red) and Slow-Migrating (SM) (blue) (see Extended Data Fig. 5a). c, 115 
Volcano plot showing DEGs between FM (n = 40) and SM (n = 101) phenotypes (FDR < 0.05). d, 116 
Stepwise optimization of the migration gene signature using the TCGA RNA-seq cohort (n = 144, 117 
IDH1-mutant excluded). DEGs were iteratively removed to maximize Harrell’s concordance index 118 
(c-index) for PFS, yielding an optimized 13-gene signature (c-index = 0.66). e, Prospective 119 
validation of the migration signature to predict in vitro cell motility (random motility coefficient, 120 
RMC) on 4.6 kPa substrates (Pearson r = 0.808, P = 0.0153). f, Correlation of migration score 121 
with in vivo histological invasion stage (Pearson r = 0.484, P = 0.005) across a larger cohort of 122 
Mayo PDX lines (n = 32). Shaded areas in e and f indicate the 95% confidence intervals. g, 123 
Distribution of enrichment scores (top) and expression heatmap of the 13-gene migration 124 
signature (bottom) in the TCGA RNA-seq cohort (n = 144, IDH1-mutant excluded), stratifying 125 
patients by median score. h–k, Kaplan-Meier survival analysis of FM (red) and SM (blue) groups 126 
stratified by median migration score. The migration signature predicts significantly shorter PFS in 127 
the TCGA glioblastoma RNA-seq cohort (h, n = 144, ΔMS = 5.6 months, P = 0.0244) and 128 
microarray cohort (i, n = 525, ΔMS = 1.38 months, P = 0.00476), and shorter overall survival (OS) 129 
in the TCGA glioblastoma microarray cohort (j, n = 525, ΔMS = 1.64 months, P = 0.0235) and 130 

.CC-BY 4.0 International licenseavailable under a 
(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 

The copyright holder for this preprintthis version posted September 2, 2026. ; https://doi.org/10.64898/2026.08.31.748107doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.31.748107
http://creativecommons.org/licenses/by/4.0/


11 
 

CGGA glioblastoma cohort (k, n = 298; IDH1-mutant excluded, ΔMS = 1.41 months, P = 0.0497). 131 
P values were determined by two-sided log-rank test. ΔMS, difference in median survival months. 132 
  133 
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Extended Data Figure 5 134 

 135 
Extended Data Fig. 5 (related to Fig. 3): Discovery and validation of the migration gene 136 
signature. a, Histogram showing stratification of patients into Fast-Migrating (FM) and Slow-137 
Migrating (SM) groups for differential expression analysis (Fig. 3c) using a combined RMC Z 138 
score of 0 as the cutoff (dashed line) across 0.7, 4.6, and 9.3 kPa substrates. The FM (red) and 139 
SM (blue) groups display significantly different distributions (P = 4.5×10−4, two-sided Wilcoxon 140 
rank-sum test). b, Principal component analysis (PCA) of RNA-seq data from Mayo PDX tumors 141 
(yellow, n = 10) and primary tumors (magenta, n = 8) before (left) and after (right) limma batch 142 
correction. c, PCA of the batch-corrected bulk RNA-seq data, showing separation into FM (red) 143 
and SM (blue) groups. d, Retrospective application of the migration signature to the original 18 144 
samples. The distribution of migration scores (top) and heatmap of the 13-gene migration 145 
signature (bottom) demonstrates the migration signature accurately predicts migration in 100% of 146 
the samples. e, Retrospective validation of the migration signature to predict in vitro cell motility 147 
(random motility coefficient, RMC) on 4.6 kPa substrates (Pearson r = 0.766, P = 0.000208). f, 148 
Prospective validation of the signature in a previously uncharacterized cohort of Mayo PDX 149 
samples (n = 8). The distribution of migration scores (top) and heatmap of the 13-gene migration 150 
signature (bottom) shows the predicted migration for each of the 8 prospective samples. 151 
 152 
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Extended Data Figure 6 153 

 154 
Extended Data Fig. 6 (related to Fig. 3): Transcriptional pathways distinguish FM and SM 155 
phenotypes. a, b, Dot plot enrichment analysis of DEGs upregulated in the Slow-Migrating (SM) 156 
(a, blue) and Fast-Migrating (FM) phenotypes (b, red). Gene Ratio denotes fractions of genes 157 
annotated to a given GO term relative to the total genes in that term. Dot size represents gene 158 
count. Color indicates statistical significance (adjusted P value). The SM phenotype (a) is 159 
enriched for ECM organization, collagen fibril organization, and BMP receptor binding while the 160 
FM phenotype (b) is enriched for ciliary plasm, plasma-membrane-bounded cell-projection 161 
cytoplasm, and glycogen metabolism process. c, Enrichment map network visualizing links 162 
between GO pathways (black nodes) and genes (colored nodes) shown in (a) and (b). Pathway 163 
node size is proportional to the number of mapped genes, while gene nodes are colored by log2-164 
fold change (logFC). The network highlights an ECM/adhesion module specific to SM DEGs (blue) 165 
and a ciliary/axonemal and glycogen-metabolism module specific to FM DEGs (red). 166 
 167 
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Extended Data Figure 7 168 

 169 
Extended Data Fig. 7 (related to Fig. 3): Optimization and validation of the migration gene 170 
signature. a, Stepwise optimization of the migration gene signature using the TCGA RNA-seq 171 
cohort (n = 144, IDH1-mutant excluded). Starting from all DEGs, genes were iteratively removed 172 
to maximize Harrell’s concordance index (see Fig. 3d). Plots display other performance metrics 173 
as a function of gene-set size including Kaplan-Meier (KM) log-rank P value (orange), Cox 174 
likelihood-ratio (LRT) test P value (blue), time-dependent area under the receiver operating 175 
characteristic curve (Time AUC, teal), and integrated Brier score (IBS, purple). Dashed horizontal 176 
lines denote null expectations or significance thresholds. The red dot marks the optimal, 13-gene 177 
subset. b, Permutation testing comparing the performance of the final 13-gene signature (solid 178 
red lines) to 10,000 randomly sampled gene sets from the pool of DEGs of identical size (gray 179 
histograms). Metrics evaluated include c-index, KM log-rank P value, Cox LRT P value, time-180 
dependent AUC, and IBS. Blacked dashed lines mark the mean of the null distribution; green 181 
dashed lines mark the 95% confidence intervals. One-sided empirical P values were calculated 182 
as the proportion of random samples that performed as well as the observed signature. Across 183 
all five metrics the migration signature falls in the extreme tails indicating significantly better 184 
discrimination, calibration, and risk stratification. 185 
  186 
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Figure 4 187 

 188 
Fig. 4: The migration signature captures a prognostic axis orthogonal to established 189 
glioblastoma subtypes. a, Heatmap of Jaccard indices (left) and Venn diagram (right) 190 
quantifying gene set overlap between the migration signature and established glioblastoma 191 
signatures, including molecular subtypes (green) [5, 6], cell-lineage (orange) [8], 192 
developmental/injury response programs (purple) [9], and metabolic states (blue) [7]. The 193 
migration signature (black) shares no genes with these established signatures. b, Pairwise 194 
concordance of patient progression free survival (PFS) rankings for each signature in the TCGA 195 
glioblastoma RNA-seq cohort (n = 144, IDH1-mutant excluded), assessed by Kendall’s tau. Gray 196 
cells indicate non-significant associations (Bonferroni-corrected P > 0.05). c, Signature 197 
redundancy analysis comparing maximum absolute Kendall’s tau for each signature against all 198 
others. The migration signature exhibits low maximal tau, indicating it captures variation 199 
independent of other subtypes. d, Correlation (Kendall’s tau) of the migration signature with 200 
specific subtypes, highlighting significant positive (e.g., Classical) and negative (e.g., Proneural) 201 
associations (P < 0.05). e, f, Kaplan–Meier survival analysis within positively correlated subtypes 202 
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in d shows significantly shorter PFS in the FM versus SM group (quartile split) for a subset of 203 
patients with Classical (e, n = 78/144, ΔMS = 9.3 months, P = 0.00931) and Neural Stem tumor 204 
subtypes (f, n=108/144, ΔMS = 7 months, P = 0.00229). g, Prognostic accuracy of each subtype 205 
for PFS in the TCGA glioblastoma RNA-seq cohort, assessed by c-index. The migration signature 206 
(black) demonstrates superior prognostic ability compared to established subtypes. Error bars 207 
represent 95% confidence intervals from bootstrap resampling. Red points denote subtypes 208 
where this interval excludes the null value of 0.5. 209 
  210 
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Extended Data Figure 8 211 

 212 
Extended Data Fig. 8 (related to Fig. 4): The migration signature retains prognostic value 213 
across diverse glioblastoma subtypes. a–d, Distributions of migration scores (top) and subtype 214 
scores (bottom) for the TCGA glioblastoma RNA-seq cohort (n = 144, IDH1-mutant excluded) 215 
clustered by established Metabolic (a), Molecular (b), Injury (c), and Lineage (d) classification 216 
systems. Dashed boxes and asterisks denote specific subtypes whose median migration score 217 
differs significantly from the cohort-wide median (ns ≥ 0.05, * < 0.05, ** < 0.01, and *** < 0.001, 218 
two-sided Wilcoxon rank-sum test). e, Prognostic performance versus signature uniqueness. 219 
Scatter plot comparing the c-index for progression free survival (PFS) against the maximum 220 
absolute Kendall’s tau (representing overlap with other signatures) for the migration signature 221 
(black) and each subtype in a–d. The migration signature isolates to the top-left region, indicating 222 
it is both unique (low max tau) and prognostic (high c-index) compared to other signatures. 223 
  224 
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Figure 5 225 

 226 
Fig. 5: Fast, mechanosensitive glioblastoma cells accumulate at the stiff tumor edge to 227 
drive invasion. a, Schematic of the snRNA-seq sampling strategy (left) analyzing 12 samples 228 
from 4 glioblastoma patients across 3 spatial regions: tumor core (blue), edge (pink), and 229 
radiographically normal brain (green). Tumor cells were identified (left UMAP, dashed line outlines 230 
tumor cluster) and analyzed (right UMAP). b, UMAP projection of per-cell migration scores 231 
derived from the migration signature. Warmer colors indicate higher migration scores (FM-like), 232 
and cooler colors indicate lower scores (SM-like). c, Distribution of migration scores across all 233 
tumor cells, showing the threshold (dashed line at 0) used to classify cells as Fast-Migrating (FM) 234 
or Slow-Migrating (<0). d, Log2-fold change (logFC) of the FM/SM cell ratio across regions 235 
demonstrates progressive enrichment of FM cells in the edge and normal regions compared to 236 
the core. e, Representative patient imaging showing a co-registered T1c scan (top left), tumor 237 
segmentation defining the necrotic core, contrast-enhancing rim, edema (edge), and normal 238 
cortex (top right), and the corresponding magnetic resonance elastography (MRE) stiffness map 239 
(bottom left). The red dot indicates the tumor center. f, MRE glioblastoma stiffness profile (n = 8 240 
patients). Background colors represent the proportion of each tissue region (gray, necrotic core; 241 
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pink, contrast enhancing; blue, edema; green, normal cortex) at a given radial distance. Peak 242 
stiffness (Young’s modulus 4.5 kPa) coincides with the transition from tumor edge to normal tissue 243 
and is strikingly close to the biphasic peak (4.6 kPa) of fast, mechanosensitive cells. g, Proposed 244 
framework for glioblastoma stratification and a model of mechanosensitive, glioblastoma invasion. 245 
Tumors enriched for the fast signature (top) have more fast, mechanosensitive cells which 246 
preferentially migrate along the stiffness gradient to an optimum of ~4.6 kPa at the tumor edge, 247 
leading to high cell invasion, recurrence, and poor outcomes. Conversely, tumors enriched for the 248 
slow signature (bottom) have more slow, stiffness-insensitive cells with limited motility, resulting 249 
in less cell invasion and better survival outcomes. 250 
  251 
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Extended Data Figure 9 252 

 253 
Extended Data Fig. 9 (related to Fig. 5): Single-cell transcriptomics map the spatial 254 
landscape of glioblastoma. a, UMAP embedding of the complete snRNA-seq dataset, 255 
annotated by major cell lineages. The dashed line outlines the glioblastoma cell clusters. b, c, 256 
UMAP embeddings colored by tumor sampling region (b) and tumor versus normal classification 257 
(c). d, Stacked bar plot displaying the proportion of tumor (orange) and non-tumor (blue) cells 258 
within each anatomical region, confirming the expected decrease in tumor cells and increase in 259 
normal cells from core to edge to normal. e, Heatmap of inferred copy number variations (CNVs). 260 
Rows represent cell types and columns represent chromosomes. Glioblastoma clusters have the 261 
characteristic gain of chromosome 7 and loss of chromosome 10, distinguishing them from non-262 
malignant cells. f, Composition of cells classified as Slow-Migrating (SM) (blue) or Fast-Migrating 263 
(FM) (red) across tumor regions. g, Average migration score by spatial region. Data are mean ± 264 
s.e.m. 265 
  266 
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Extended Data Figure 10 267 

 268 
Extended Data Fig. 10 (related to Fig. 5): Independent validation of the migration signature 269 
in a 5-ALA, region-annotated scRNA-seq dataset confirms enrichment of fast cells at the 270 
invasive periphery. a, Schematic of the sampling strategy and anatomic labels: cortex (C), 271 
periphery (P), low fluorescence (LF), high fluorescence (HF), and necrotic core (NC). Tumor cells 272 
were identified (left t-SNE, dashed line outlines tumor cluster) and reanalyzed (right UMAP). Inset 273 
(top right) shows the location of cortex cells (green) on the UMAP. b, UMAP embedding of tumor 274 
cells colored by migration score. Warmer colors indicate higher migration scores (FM-like), cooler 275 
colors indicate lower scores (SM-like). c, Distribution of migration scores across all tumor cells, 276 
showing the threshold (dashed line at 0) used to classify cells as Fast-Migrating (FM) or Slow-277 
Migrating (SM). d, Composition of SM (blue) and FM (red) cells within each anatomic site reveals 278 
increased fraction of FM cells at the Cortex and Periphery relative to Core. e, Log2-fold change 279 
(logFC) of the FM/SM cell ratio by anatomic region, highlighting significant enrichment of FM cells 280 
in the cortex and periphery. f, Average migration score by anatomic site. Data are mean ± s.e.m. 281 
 282 
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