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Abstract 21 

Neuroimaging studies typically assume that sensory properties are encoded 22 

in response magnitude within fixed neural populations. However, this 23 

approach does not capture changes in the spatial extent of activation 24 

topography, despite growing evidence for its behavioral relevance. Stimulus 25 

intensity provides a powerful test case for the role of activation topography as 26 

a coding feature because it is a basic, parametrically varying property shared 27 

across sensory modalities. Using a Bayes factor-based approach and four 28 

functional magnetic resonance imaging datasets (three large-scale datasets 29 

[total N = 609] and one precision dataset [>2300 trials]), we tested whether 30 

higher-intensity stimulation is associated with expansion of activation 31 

topography. Participants received sensory stimuli of varying intensities in 32 

somatosensory (heat, laser, tactile), auditory, and visual modalities. High- 33 

versus low-intensity painful stimulation consistently produced topographical 34 

expansion in areas including the primary somatosensory, posterior 35 

midcingulate, primary visual cortices, and cerebellar lobules V and VI. This 36 

result replicated across two independent large-scale datasets and within 37 

individual participants in the precision dataset. Expansion was also observed 38 

for tactile, auditory, and visual stimulation, and its extent correlated with 39 

psychophysical discriminability. Topographical expansion involved both the 40 

enlargement of already-activated areas and the recruitment of novel regions. 41 

These findings establish topographical expansion as a replicable feature of 42 

intensity coding, challenging the prevailing assumption of a fixed neural 43 

topography. 44 

 45 

Keywords: topographical expansion, neural recruitment, sensory coding, 46 
stimulus intensity, Bayesian statistics 47 

  48 
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Introduction 49 

Sensory stimulus properties such as intensity convey substantial information 50 

about the causes and consequences of stimulation – including whether it is 51 

safe or damaging1, whether its source is near or far2, and its communicative 52 

value3,4. How the brain encodes stimulus properties is thus a central question 53 

in neuroscience. The most widely studied principle is magnitude coding, in 54 

which stimulus properties are encoded by the magnitude of recorded 55 

signals5,6, such as single-neuron firing rates and local field potential 56 

amplitudes in invasive electrophysiological studies, and voxel activation 57 

magnitude in noninvasive neuroimaging studies. For example, the magnitude 58 

of blood-oxygenation-level-dependent (BOLD) signal in certain brain regions 59 

parametrically scales with sensory intensity7,8. A complementary principle, 60 

population coding, emphasizes distributed activity patterns across sets of 61 

neurons or voxels5,6. Consistent with this principle, multivariate neural 62 

patterns can be used to decode somatosensory9,10, auditory11, and visual 63 

stimuli12. However, these coding principles typically quantify response 64 

amplitude or multivariate patterns within a predefined and fixed set of neurons, 65 

voxels, or regions, leaving open whether changes in the set of responsive 66 

units (e.g., expanding activation extent in neuroimaging) also carry meaningful 67 

information despite growing evidence for the behavioral relevance of spatial 68 

features of brain activity13,14.  69 

 70 

Neural representations are increasingly understood as dynamic and 71 

reorganizing across changing contexts15–17, challenging the notion that 72 

stimulus properties are encoded within a fixed feature space. One notable 73 

form of this dynamism is neural recruitment, whereby neural populations that 74 

were inactive become active in response to greater internal or external 75 

demands. Among all stimulus properties, intensity provides a powerful test 76 

case for neural recruitment because it is one of the most basic quantitative 77 

properties shared across all sensory modalities and permits within-task 78 

comparisons without task type confounding. Indeed, some of the earliest 79 

studies of neural coding focused on how stimulus intensity is encoded18,19. 80 

Neurophysiological studies have shown that high-intensity sensory stimuli can 81 
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recruit additional neurons relative to low-intensity stimuli, especially in the 82 

peripheral and early sensory stages20–26. In neuroimaging, neural recruitment 83 

can manifest operationally as an expansion in the spatial extent of activation 84 

topography. If robust, intensity-dependent expansion of activation topography 85 

would support a more flexible coding principle complementing those based on 86 

response magnitude and multivariate patterns. 87 

 88 

Some neuroimaging studies suggest that the extent of activation is modulated 89 

by stimulus intensity, for example, during painful27,28, tactile29, auditory30–32, 90 

and visual stimulation33,34. However, most studies have not demonstrated that 91 

larger activation extent reflects topographical expansion, as opposed to 92 

simply more robust activity in a given set of voxels, which would increase 93 

activation extent via an increase in statistical power. A stronger test of 94 

topographical expansion requires that two conditions be satisfied: (1) a given 95 

spatial unit is active in the high-intensity condition; and (2) the same unit is 96 

inactive in the low-intensity condition (i.e., evidence in favor of a null effect). 97 

Previous studies do not explicitly test the second condition and, with sample 98 

sizes typically smaller than 30, have limited statistical power to test it. These 99 

studies count statistically significant voxels in each intensity condition28,32,33,35. 100 

However, a non-significant p-value may reflect lack of power rather than a 101 

true absence of activation. Bayes factors (BFs) provide a principled approach 102 

to this problem because they quantify evidence for both the alternative and 103 

null hypotheses36.  104 

 105 

Beyond this methodological ambiguity, topographical expansion also remains 106 

poorly characterized. Different types of expansion may exist. It could occur at 107 

the edges of regions activated by a lower-intensity stimulus, or recruit novel 108 

regions located far away from those commonly activated by both high- and 109 

low-intensity stimuli. In addition, expansion can reflect new recruitment of 110 

voxels within modality-specific regions or a broad shift across many regions. 111 

The latter is consistent with increases in diffuse neuromodulatory systems 112 

associated with arousal. For example, recent studies have demonstrated 113 

brain-wide neural activity and cerebral blood flow elicited by simple sensory 114 
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stimuli37. Identifying these expansion subtypes may shed light on their 115 

underlying mechanisms. 116 

 117 

To address these issues, we investigated intensity-dependent topographical 118 

expansion using a BF-based approach and four functional magnetic 119 

resonance imaging (fMRI) datasets (three large-scale datasets [total N = 609] 120 

and one precision dataset [>2300 trials from 22 participants]). Healthy 121 

participants received stimuli in multiple sensory modalities (including 122 

nociceptive, tactile, auditory, and visual) across multiple intensity levels and 123 

reported perceived ratings (Figure 1; see Table S1 for descriptive statistics of 124 

behavioral ratings). Using the BF-based approach38, we identified voxels that 125 

showed positive activation only in the high-intensity condition, which supports 126 

topographical expansion (Figure 1A; see Methods for details). The precision 127 

dataset further allowed us to determine whether topographical expansion 128 

generalizes across most individuals, rather than being driven by group 129 

averaging39,40. We used pain as the primary model system because intensity 130 

is central to pain’s function and a major target of clinical interventions41–43. We 131 

aimed to test three hypotheses: (1) activation topography reliably expands in 132 

high- versus low-intensity conditions for painful stimulation at the group and 133 

individual levels; (2) topographical expansion generalizes beyond pain to 134 

other modalities; and (3) expansion can be decomposed into distinct spatial 135 

types.   136 
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Results 137 

Intensity-dependent topographical expansion for pain 138 

To examine whether more intense noxious stimuli elicit topographical 139 

expansion, we applied the BF-based approach to Dataset 144, in which 140 

participants (N = 97) received painful heat stimuli of three temperature levels: 141 

47 °C, 48 °C, and 49 °C (Figure 1). The lowest intensity (47 °C) was painful 142 

for most trials in most participants, while 49 °C was very painful for virtually all 143 

participants on every trial (Figure 1C & Table S1). All three intensity levels of 144 

painful heat led to activation or deactivation in a wide range of brain regions 145 

(Figure S1). As expected43,45,46, activity in many brain regions correlated 146 

linearly with stimulus temperature, including regions such as primary 147 

somatosensory cortex (S1), secondary somatosensory cortex (S2), insula, 148 

anterior cingulate cortex (ACC), prefrontal cortex (PFC), thalamus, and 149 

cerebellum (thresholded with log(BF) = 0.8; Figure S1B). Most of these 150 

regions also correlated with trial-wise subjective pain ratings (Figure S1C), 151 

and the unthresholded intensity-encoding map and rating-encoding map were 152 

highly correlated (Pearson’s r = 0.86).  153 

 154 

To demonstrate topographical expansion, we classified voxels into eight 155 

classes: (1) “High only+”, showing activation only in the high-intensity 156 

condition, where “only” means log(BF) > 0.8 (i.e., >6:1 evidence for activation) 157 

for high-intensity and log(BF) < -0.8 (i.e., >6:1 evidence in favor of null 158 

findings) for low-intensity; (2) “High only-”, showing deactivation only in the 159 

high-intensity condition; (3) “Low only+”, showing activation only in the low-160 

intensity condition; (4) “Low only-”, showing deactivation only in the low-161 

intensity condition; (5) “Both+”, showing activation in both conditions; (6) 162 

“Both-”, showing deactivation in both conditions; (7) “Low+ & High-”, showing 163 

activation in the low-intensity condition but deactivation in the high-intensity 164 

condition; and (8) “Low- & High+”, showing deactivation in the low-intensity 165 

condition but activation in the high-intensity condition (Figure 1A; see Methods 166 

for details). We mainly focused on “High only+” and “Both+” voxels. The 167 

former directly supports topographical expansion, while the latter reveals how 168 

newly recruited voxels relate  to those active in both high- and low-intensity 169 
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conditions. 170 

 171 

In the 47 °C & 49 °C pair, 55.6% of voxels within gray matter were activated 172 

by both low- and high-intensity stimuli (“Both+”), indicating that painful stimuli 173 

are encoded mainly by a common core system regardless of their intensity 174 

(orange voxels in Figure 2A). 4.8% of voxels responded to high-intensity but 175 

not low-intensity stimuli and were thus classified as “High only+” voxels 176 

consistent with topographical expansion, including parts of the S1, dlPFC, 177 

dmPFC, superior temporal gyrus, and inferior temporal gyrus (yellow voxels in 178 

Figure 2A). This percentage was substantially greater than that expected by 179 

chance (p < 0.001, permutation test; Figure 2C). Activity in most “High only+” 180 

and “Both+” voxels also lay in the linear-intensity-effect mask (Figure S1B), 181 

indicating that high-intensity stimulation evoked larger responses in these 182 

regions than low-intensity stimulation did. Interestingly, the average activity 183 

differences between high- and low-intensity conditions in “High only+” and 184 

“Both+” regions were similar, with very large effect sizes for both (Cohen’s d = 185 

1.29 and 1.20, respectively), suggesting that these regions are equally able to 186 

discriminate between high- and low-intensity stimuli (Figure 2D). When the 187 

intensity difference dropped from 2 °C to 1 °C, the percentage of “High only+” 188 

voxels dropped from ~5% to ~1% (ps = 0.057 and 0.054, permutation test; 189 

Figure S2). Other patterns of encoding were less prevalent. 1.8% of voxels, 190 

including a few regions such as the posterior cingulate cortex and precuneus, 191 

were deactivated only by low-intensity painful stimuli (light blue voxels in 192 

Figure S2A) 193 

 194 

Next we examined the distribution of changes across all three intensities in 195 

Dataset 1, i.e., 47 °C, 48 °C, and 49 °C. This analysis confirmed that most 196 

regions were activated at all intensities (orange in Figure S3A). However, 197 

topographical expansion occurred in different brain regions at different 198 

intensity levels. Notably, common expansions at moderate and high stimulus 199 

intensity levels were located mainly in posterior regions (medial occipital, 200 

posterior cingulate, superior cerebellum, and sensorimotor cortex; yellow in 201 

Figure S3A), whereas unique expansions with the highest-intensity stimuli 202 

occurred in dmPFC and medial temporal regions (red in Figure S3A). This 203 
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suggests that distinct processes are recruited at different intensity levels 204 

rather than a single uniform gradient.  205 

 206 

The preceding analyses operationally defined pain encoding as activation 207 

relative to implicit baselines. To evaluate the robustness of our findings, we 208 

further tested whether topographical expansion persists when employing the 209 

47 °C condition as a baseline. Specifically, we subtracted activity elicited 210 

during this condition from the 48 °C and 49 °C conditions prior to re-running 211 

the BF-based voxel classification. We observed approximately 1.4% “High 212 

only+” voxels, notably in mPFC (Figure S3B), providing evidence that 213 

topographical expansion is related to pain processing. 214 

 215 

To examine whether topographical expansion could be related to subjective 216 

pain perception apart from objective stimulus intensity, we trichotomized 217 

single-trial pain ratings at the 33rd and 66th percentiles and classified voxels 218 

according to their responses to low or high tertiles. The resulting voxel class 219 

map was highly similar to that of the intensity-based map (Figure S4). To 220 

further explore the topographical expansion encoding of pain perception 221 

independent of physical intensity, we median-split trial-wise pain ratings within 222 

each intensity condition and conducted BF-based voxel classification. Within 223 

each of the 47 °C and 48 °C conditions, 1.6% and 1.2% of voxels responded 224 

positively to high pain rating trials only, with evidence for null activation for 225 

low-pain stimuli at the same intensity at log(BF) < -0.8 (ps = 0.026 and 0.027, 226 

permutation test; Figure S5A-B). However, for the 49 °C condition, only 0.25% 227 

of voxels showed high-rating-only activation (p = 0.403, permutation test; 228 

Figure S5C). These results suggest that subjective pain experiences can also 229 

induce topographical expansion when the stimulus intensity is moderate, and 230 

may be saturated at very high intensities.  231 

 232 

Replicable topographical expansion for pain 233 

To replicate topographical expansion across noxious stimulus intensities, we 234 

applied the same analyses to two independent datasets. In Dataset 2 (N = 235 

113), participants were presented with one of two social cues indicating the 236 
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intensity of forthcoming heat stimuli, and then received heat stimuli of three 237 

temperature levels: 48 °C, 49 °C, and 50 °C. We pooled data from both social 238 

cues to focus on the encoding of intensity. In the 48 °C & 50 °C pair, we 239 

observed similar findings to Dataset 1. As before, the majority of voxels were 240 

responsive to both high- and low-intensity heat (22.5% “Both+”; Figure 3A-B, 241 

left). 5.6% of voxels (p < 0.001, permutation test) responded only to high-242 

intensity heat (“High only+” in Figure 3A-B, left), including voxels in S1, M1, 243 

dlPFC, early visual areas, cerebellum, and other regions. 3.6% of voxels were 244 

deactivated only by low-intensity heat (“Low only-” in Figure S6B). In the 245 

48 °C & 49 °C and 49 °C & 50 °C pairs, we also found “High only+” voxels 246 

(Figure S6C-D), but the percentages of them (1.5% and 0.4% respectively, ps 247 

= 0.029 and 0.288, permutation test) were smaller than for the  48 °C & 50 °C 248 

pair, suggesting that the extent of topographical expansion scales with 249 

intensity differences between high- and low-intensity conditions. 250 

 251 

In Dataset 3, participants (N = 399) received laser heat pain stimuli of high 252 

and low intensities without additional experimental manipulations. We 253 

observed significant topographical expansion (“High only+”, Figure 3A-B, 254 

right), but with a smaller percentage (1.3%, p < 0.001, permutation test) 255 

compared with Datasets 1 and 2 (also see Figure S7 for all voxel classes). 256 

This may result from relatively smaller intensity differences in Dataset 3, as 257 

the connection between intensity differences and topographical expansion 258 

has been repeatedly observed in Datasets 1 and 2. Indeed, rating differences 259 

between high- and low-intensity pain stimuli were only 0.95 on a 0–1 scale in 260 

Dataset 3, but 17 and 28.9 in Datasets 1 and 2, which used 0–100 and 0–180 261 

rating scales, respectively (Table S1). 262 

 263 

The locations of “High only+” voxels differed to some degree among Datasets 264 

1, 2, and 3 (Figures 2A and 3A), likely due to differences in samples and 265 

study design. A parcel-wise conjunction analysis identified common regions 266 

across all three datasets independently, particularly in the S1, pMCC, 267 

precuneus, V1, and cerebellar lobules V and VI (Figure 3C), suggesting that 268 

these regions were recruited uniquely by high-intensity stimuli in a 269 

generalizable fashion. 270 
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 271 

To quantitatively examine how the log(BF) threshold affects topographical 272 

expansion, we conducted a sensitivity analysis across a range of BF 273 

thresholds, from log(BF) = 0.3 – 1.2 (2x – 16x the evidence favoring the 274 

presence or absence of activation, depending on the direction). More lenient 275 

BF thresholds yielded an approximately log-linear increase in the estimated 276 

extent of expansion (Figure S8). At the conventional threshold for substantial 277 

evidence, namely log(BF) = 0.5, the amount of expansion identified was 278 

approximately double that observed with the more conservative threshold 279 

used in the main analyses. 280 

 281 

Painful stimulus-induced topographical expansion in 282 

individuals 283 

The group analyses above average evidence in each voxel across individuals 284 

and are influenced by variation in inter-subject alignment. To examine 285 

expansion within individual participants, we applied the Bayesian approach to 286 

a precision fMRI pain study that included >50 trials per condition across 3 287 

scanning days. Participants in Dataset 4 (N = 22) received individually tailored 288 

high- and low-intensity heat pain stimuli before and after sham and verum 289 

transcranial direct current stimulation (tDCS) in different sessions. Here we 290 

examine only the effect of stimulus intensity; tDCS effects will be reported in a 291 

separate paper.  292 

 293 

We observed substantial inter-individual variability in the spatial location and 294 

amount of “High only+” voxels (Figure S9A). On average, 5.0% of voxels 295 

across gray matter in individual maps were classified as “High only+” (Figure 296 

4A). More voxels responded to both high- and low-intensity stimuli (activation: 297 

6.3% Both+ across gray matter, deactivation: 6.3%). Interestingly, the 298 

percentage of “High only+” voxels correlated significantly with rating 299 

differences between high- and low-intensity conditions (r = 0.58, p(FDR) = 300 

0.03, correcting across 6 voxel classes examined), whereas the percentages 301 

of other voxel classes did not (Figure 4B; see Figure S9B for results for other 302 

voxels classes). At the group level, many areas were classified as “High only+” 303 
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in more than 20% of individual participants (i.e., ≥ 5/22 participants; Figure 304 

4C). Some of these regions, including S1, pMCC, and cerebellar lobules V 305 

and VI, were also present in Datasets 1–3. These findings confirm the 306 

existence of topographical expansion in individualized data, suggesting that it 307 

is unlikely to be an artifact of group averaging or inter-subject misalignment. 308 

 309 

Potentially general topographical expansion for non-pain 310 

tasks 311 

To examine whether topographical expansion occurs in other sensory 312 

modalities, we analyzed non-pain data in Datasets 1–3. In Dataset 1, 313 

participants received aversive auditory stimuli of three intensity levels (L1, L2, 314 

and L3). The auditory stimuli were nails scratching a chalkboard or 315 

emotionally aversive sounds (attacks, screaming, and crying) from the 316 

International Affective Digital Sounds database47. We pooled data from both 317 

types of auditory stimuli and classified voxels based on BFs. In contrast to 318 

pain, very few voxels (0.001%) responded uniquely to high- or low-intensity 319 

auditory stimuli, in spite of robust “Both+” activation and large stimulus 320 

intensity difference (L1 compared with L3, p = 0.998, permutation test; Figure 321 

5).  322 

 323 

In Dataset 2, participants watched videos of other people in pain (vicarious 324 

pain) and completed an effortful mental rotation task with three intensity levels 325 

(L1, L2, and L3, corresponding to different degrees of 3-D stimulus rotation 326 

and thus difficulty). No significant topographical expansion was found in the 327 

vicarious pain task (voxel percentage: 0.1%, p = 0.698, permutation test) and 328 

cognitive effort task (voxel percentage: 0.01%, p = 0.996, permutation test) 329 

even across large intensity differences (L1 & L3, Figure 5B-C). 330 

 331 

However, in Dataset 3, we found topographical expansion for non-pain stimuli. 332 

In this study, participants received non-painful electro-tactile, auditory, and 333 

visual stimuli of two intensity levels each. Compared with pain (1.3% 334 
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expansion; Figure 3B), more topographical expansion was observed for 335 

auditory (voxel percentage: 2.5%, p < 0.001, permutation test) and visual 336 

stimuli (voxel percentage: 5.0%, p < 0.001, permutation test). Topographical 337 

expansion was also significant but less extensive in touch (voxel percentage: 338 

0.5%, p = 0.026, permutation test). A parcel-wise conjunction analysis 339 

revealed that regions including the ACC, pMCC, supplementary motor area 340 

(SMA), and cerebellum showed topographical expansion in three of the four 341 

modalities (nociceptive, tactile, auditory, and visual), while S1 and M1 were 342 

selectively expanded only for pain or touch (Figure 5D). These observations 343 

were confirmed by a voxel-wise conjunction analysis (Figure S10). 60.5% of 344 

“High only+” voxels were shared across at least two of the four modalities 345 

(Figure S10), with overlapping regions including the pMCC, aMCC, and SMA. 346 

No “High only+” voxels were selective to auditory or visual stimulation alone. 347 

In contrast, a number of “High only+” voxels, including those in the S1 and M1, 348 

were recruited only in pain (30.0%) and touch (9.5%).  349 

 350 

Taken together, these findings suggest that topographical expansion occurs 351 

across sensory modalities in select cases. Topographical expansion did not 352 

seem to be a function of affective intensity, as it did not occur with highly 353 

emotionally salient affective sounds, but did occur with non-affective touch. 354 

We hypothesized that the divergent findings on topographical expansion for 355 

non-painful stimuli across studies may reflect the discriminability of high vs. 356 

low stimuli. In pain, more extensive expansion was found when the rating 357 

difference for high- vs. low-intensity stimuli was large (Figure 4B). Rating 358 

differences were small for non-pain modalities in Datasets 1 and 2, but larger 359 

for non-pain modalities in Dataset 3 (Figure 1C). To test this hypothesis, we 360 

correlated topographical expansion (% of gray-matter voxels) from all pairwise 361 

comparisons in Datasets 1-3 with the discriminability of the stimuli in ratings, 362 

quantified as Cohen’s d for high- vs. low-intensity.  Expansion was strongly 363 

correlated with stimulus discriminability (Spearman’s rho = 0.88, p < 0.0001; 364 

Figure 5E), suggesting that the absence of significant expansion in Datasets 1 365 

and 2 may be due to insufficient perceptual differentiation between intensity 366 

levels rather than a modality-specific effect.  367 

 368 
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Two types of topographical expansion 369 

Visual inspection indicated that there seemed to be two types of topographical 370 

expansion: (1) those that were expanded from adjacent regions and (2) those 371 

that were recruited de novo and far from regions activated at low intensity 372 

(Figures 2 and 3). To quantitatively confirm these observations, we calculated 373 

the distance between “High only+” and the nearest “Both+” voxels for pain 374 

data in Datasets 1 and 2, in which the extent of expansion was large enough 375 

(~5% of gray-matter voxels) to meaningfully separate different types of 376 

expansion. Distances smaller than the smoothing kernel are consistent with 377 

spread from “Both+” voxels, which we term “spread expansion”. Larger 378 

distances are more consistent with the recruitment of new regions, which we 379 

term “emergent expansion”. In Dataset 1, 22.2% of “High only+” voxels were 380 

farther away from “Both+” voxels than the smoothing kernel and thus could be 381 

classified as emergent expansion, although the majority lay closer to “Both+” 382 

voxels and were thus classified as spread expansion (Figure 6A). Similar 383 

results were also obtained in Dataset 2: 32.5% of “High+” voxels were not 384 

within the smoothing kernel of the nearest “Both+” voxel (Figure 6B). The 385 

location of these two types of expansion varied across Datasets 1 and 2. In 386 

Dataset 1, we found emergent expansion in areas including dmPFC and 387 

aPFC, while in Dataset 2 we found emergent expansion primarily in visual 388 

areas. It is worth noting that we used the smoothing kernel as the criterion for 389 

distinguishing spread from emergent expansion solely for convenience. Other 390 

criteria could be adopted, provided that they preserve the intuition that “High 391 

only+” voxels located far from “Both+” voxels should not be classified as 392 

spread expansion. Under reasonable criteria, both types of expansion were 393 

arguably present in both datasets. 394 

 395 

The presence of emergent expansion suggests that topographical expansion 396 

reflects true neurobiological mechanisms rather than spatial blurring artifacts 397 

attributable to vascular artifacts or spatial smoothing. However, some of the 398 

spread expansion we observed may be attributable to spatial blurring. To test 399 

this possibility, we applied different smoothing kernels (0 mm, 2.5 mm, 5 mm, 400 

7.5 mm, and 10 mm) to Dataset 2, in which unsmoothed data were readily 401 
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available. Although the percentage of “High+” voxels increased as smoothing 402 

became more aggressive, the resultant voxel class maps remained similar 403 

across levels of smoothing (Figure 6C). Critically, there were spread 404 

expansion voxels even when no smoothing was applied during preprocessing. 405 

These results provide evidence that spatial smoothing alone cannot fully 406 

explain our findings regarding spread expansion. 407 

 408 

These expansions could be driven by recruitment of isolated groups of voxels 409 

or they could reflect broader, widespread increases. Further analyses 410 

supported the latter interpretation. Figure 7A shows an oblique section 411 

through the brain for pain data in Dataset 1, illustrating activity  gradients 412 

across “Both+” regions and expanded “High only+” regions. This figure 413 

reveals a broad increase in activity across regions with the higher-intensity 414 

stimulus, showing increases in voxels with evidence for null effects at low 415 

intensity as part of a smooth gradient of increases across the brain. Further, 416 

we examined the entire distribution of t-values for low-intensity vs. high-417 

intensity stimuli (Figure 7B, left), and found that higher intensity stimuli 418 

produced a broad increase in t-values across the brain rather than an 419 

increase in a small set of voxels. The intercepts of the best linear fit between 420 

low-intensity t-values (x-axis) and high-intensity t-values (y-axis) were 421 

consistently greater than 0, indicating a brain-wide shift upwards with high-422 

intensity stimuli, and this intercept more than doubled as the temperature 423 

difference increased from 1 °C to 2 °C (47 °C & 48 °C: y = 0.93*x + 1.57; 424 

48 °C & 49 °C: y = 1.00*x + 1.58; 47 °C & 49 °C: y = 0.91*x + 3.24). 425 

Meanwhile, the slopes remained near 1 across all three pairs of intensity, 426 

indicating that increasing stimulus intensity produced a relatively uniform 427 

increase across voxels with varying activity levels for low-intensity stimuli. 428 

Finally, when global activity within each intensity condition was removed for all 429 

participants before calculating expansion (Figure 7B, right), the extent of 430 

expansion in the 47 °C & 49 °C pair was reduced to 1% of voxels, though still 431 

significantly above chance (p < 0.001, permutation test; Figure 7C). This 432 

indicates that much – but not all – of the topographical expansion may be 433 

attributable to a brain-wide activity increase.  434 

 435 
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As in Dataset 1, expansion was also largely attributable to widespread activity 436 

increases with high-intensity stimulation for pain in Datasets 2 and 3. The 437 

percentages of voxels identified as “High only+” were reduced when global 438 

activity was removed, though some significant voxels remained (Figure S11). 439 

Similar to pain, high-intensity non-painful stimulation also produced a 440 

widespread upward shift in activity (Figure S12A-C) and removing global 441 

activity substantially reduced, but did not eliminate, topographical expansion 442 

(Figure S13). The magnitude of upward shifts also scaled with the extent of 443 

expansion before global activity removal (Spearman’s rho = 0.84, p < 0.0001; 444 

Figure S12D), further confirming the idea that a global activity increase may 445 

be partly responsible for topographical expansion. As in large-scale datasets, 446 

we also found that topographical expansion was related to global activity 447 

shifts in most individuals, and that activity increases occurred in both 448 

expanded and non-expanded areas (Figure S14). Altogether, these 449 

observations are in accord with the idea that topographical expansion is 450 

embedded in a broader activity shift across both expanded and non-expanded 451 

regions, and that broad activity shifts contribute to expansion.  452 

 453 

 454 

 455 

 456 

 457 

  458 
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Discussion 459 

Traditional neuroimaging analyses assume that the spatial territory over which 460 

a stimulus is represented remains largely fixed. We tested this assumption 461 

using a BF-based analytic approach across four fMRI datasets totaling 631 462 

participants, who received high- vs. low-intensity stimulus pairs in multiple 463 

sensory modalities. We obtained four major findings: (1) the topography of 464 

pain representations expanded with increasing intensity; (2) the topographical 465 

expansion replicated in two large-scale fMRI datasets and within individuals in 466 

one precision fMRI dataset; (3) topographical expansion generalized to non-467 

pain modalities, in proportion to the perceptual discriminability of the stimuli 468 

compared; and (4) expanded areas included the enlargement of adjacent 469 

activated areas (i.e., spread expansion) and recruitment of novel brain regions 470 

(i.e., emergent expansion). These findings establish topographical expansion 471 

as a reliable and potentially general feature of intensity representations, 472 

highlighting the dynamic nature of neural representations and challenging 473 

models that assume a fixed neural topography. 474 

 475 

While not a central focus in traditional neuroimaging analyses, the 476 

representational value of the spatial extent of neural topography has long 477 

intrigued neuroscientists. Early work on this topic used the number of 478 

significant voxels as a measure of spatial extent7,27,30,33,48. However, this 479 

approach cannot distinguish true absence of activity from insufficient power to 480 

detect it, and is therefore ill-suited for identifying spatial expansion of 481 

representations. To address this limitation, we employed the BF-based 482 

approach, which can provide direct evidence for both the presence and 483 

absence of activity. With pain as the primary model system, we tested 484 

whether increasing intensity can lead to the expansion of activation 485 

topography. Across the four datasets, we found that high-intensity painful 486 

stimulation activated voxels that showed evidence for no activation (null) 487 

compared to rest with lower-intensity stimulation. This combination 488 

demonstrated recruitment of previously non-activated voxels and thus 489 

demonstrated intensity-dependent topographical expansion. The precise 490 

location of voxels showing intensity-dependent expansion varied across 491 
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datasets, possibly due to the heterogeneity of study design and samples 492 

combined with the requirement of null activation at lower stimulus intensity vs. 493 

baseline. Nevertheless, at the parcel level, some areas consistently showed 494 

topographical expansion for pain. Notably, S1, pMCC, precuneus, V1, and 495 

cerebellar lobules V and VI topographically expanded across all three large-496 

scale datasets. Additional areas, including dmPFC, dlPFC, ACC, M1, and 497 

SMA, showed expansion in two datasets. These observations were further 498 

confirmed in the precision dataset. S1, SMA, and cerebellar lobules V and VI 499 

were among the most consistently expanded areas across participants (>16 of 500 

the 22 participants).  501 

 502 

Most of the expanded regions are relevant to pain, although their functions 503 

are not pain-specific43,45,46. For example, S1 is implicated in intensity 504 

processing49–52, the ACC is related to diverse motivated actions although it 505 

contains some pain-specific representations53,54, and other regions, such as 506 

the PFC, M1, SMA, and cerebellar lobules V and VI, are involved in the 507 

cognitive dimensions and sensory integration of pain42,55–57. V1 and other 508 

visual areas are not typically associated with pain, but some evidence 509 

suggests they may still carry information about pain58. Previous studies, 510 

however, have mainly associated pain with the magnitude of activation in 511 

these regions43,59,60. Our findings further show that the spatial extent of 512 

activation in these regions can also code pain intensity. Indeed, the extent of 513 

expansion was correlated with rating differences between high- versus low- 514 

intensity conditions, whereas no significant correlations were found for the 515 

extent of commonly activated voxels or other voxel classes. These 516 

observations indicate that topographical expansion is behaviorally meaningful, 517 

rather than a functionally inconsequential phenomenon.    518 

 519 

Previous studies have also suggested that topographical expansion could 520 

happen in multiple domains rather than pain-specific24,31–33, although 521 

systematic investigations into neural recruitment across domains remain 522 

scarce. We found topographical expansion in non-pain modalities in selected 523 

cases, particularly in Dataset 3. However, not all non-pain modalities in our 524 

analyses exhibited expansion, particularly aversive sound, vicarious pain, and 525 
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cognitive effort in Datasets 1 and 2. Two factors may contribute to these 526 

differential findings. First, high versus low rating differences for non-painful 527 

stimuli were smaller than those for pain stimuli in Datasets 1 and 2, but were 528 

comparable to or greater than those for non-painful stimuli in Dataset 3. Even 529 

for pain stimuli in Datasets 1 and 2, the expansion extent was smaller when 530 

intensity/rating differences were small. Across all sensory modalities, the 531 

amount of expansion was strongly correlated with rating differences 532 

(expressed in effect size, a measure of discriminability) across all modalities. 533 

Second, non-painful stimuli in Dataset 3 were simpler and better matched 534 

across intensity levels compared with those in Datasets 1 and 2. For example, 535 

auditory stimuli were pure tones of different intensities in Dataset 3, but 536 

aversive sounds of attacks, screaming, and crying in Dataset 1. Content 537 

differences in these complex stimuli may alter neural representations and 538 

overshadow intensity effects61,62. These findings also indicate that 539 

topographical expansion is likely to be driven by sensory intensity rather than 540 

affect, as it was most apparent for pure tones but not for affectively arousing 541 

stimuli.  542 

 543 

Supporting the generalizability of topographical expansion, areas showing 544 

expansion partially overlapped across modalities in Dataset 3. Specifically, 545 

the SMA, ACC, PCC, and cerebellar lobules V and VI showed expanded 546 

topography in three modalities. These regions are associated with domain-547 

general, cross-modal processes, such as the estimation of perceptual 548 

magnitude63, attention engagement/alertness64,65, and task-maintenance or 549 

control66–69. Such modality-general functions provide a likely mechanism for 550 

their expansion in different sensory modalities. As stimulus intensity increases, 551 

individuals allocate greater attentional and cognitive resources to external 552 

stimuli, enhancing attention to relevant features and facilitating appropriate 553 

response selection.  554 

 555 

Similar to functional brain networks70, the topographically expanded areas 556 

appear to comprise two types: spread expansion and emergent expansion. 557 

The first type, including the S1 and cerebellum, was close to regions 558 

commonly activated by both high- and low-intensity stimulation; the second, 559 
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including the dmPFC and some visual areas, occurred far away from the 560 

closest commonly activated areas. fMRI data are spatially smooth, and some 561 

of the apparent expansion might result from stronger activity in voxels already 562 

activated at lower intensities combined with smoothing, but sensitivity 563 

analyses indicated that smoothing effects were modest and did not produce 564 

spread or emergent expansion. In addition, spurious estimates of expansion 565 

related to spatial smoothness were mitigated by our stringent log(BF) = 0.8 566 

threshold. Indeed, ~10% of expansion was observed when a lenient threshold 567 

of log(BF) = 0.5 was applied.  568 

 569 

Mechanistically, spread expansion may be caused by the recruitment of new 570 

afferent sensory neurons, such as wide-dynamic range neurons, by high-571 

intensity stimulation20,71,72, as well as recruitment of cerebral neurons that only 572 

respond at a particular intensity threshold73,74. Evidence from somatotopic, 573 

tonotopic, and retinotopic mapping studies suggest that central sensory maps 574 

preserve neighborhood relationships in peripheral receptor populations75–78. 575 

High-intensity pain is perceived as spreading beyond the stimulated body 576 

area79,80, and newly recruited peripheral neurons may project to cortical areas 577 

neighboring those activated by low-intensity stimulation. On the other hand, 578 

emergent expansion may arise from distinct mechanisms. One plausible 579 

mechanism is the involvement of new mental processes. During high-intensity 580 

pain, the brain may allocate additional resources to cognitive regulation to 581 

manage pain or prioritize it in planning, memory formation, and decision-582 

making. This mechanism could explain why the PFC, a region particularly 583 

important for pain regulation81–84, seems to be recruited anew rather than 584 

enlarged from neighboring regions. Alternatively, both types of expansion may 585 

be explained by the theory that information processing and decision-making 586 

are broadly distributed across the brain85–87. High-intensity stimulation may 587 

confer increased priority for processing and activate diffuse arousal systems. 588 

Consistent with this account, high-intensity stimulation was associated with a 589 

global upward shift in neural activity relative to low-intensity stimulation, and 590 

the extent of topographical expansion was markedly attenuated following the 591 

statistical removal of global activity from participant-level images.  592 

 593 
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None of these mechanisms alone is sufficient to explain topographical 594 

expansion. Recruitment of new afferent sensory neurons cannot easily 595 

account for emergent expansion, and the involvement of new mental 596 

processes do not offer a good explanation why emergent expansion areas 597 

include visual areas or why expansion can be observed for non-painful and 598 

affectively neutral sensory stimulation. Similarly, global activity changes alone 599 

fail to account for the finding that topographical expansion persisted even 600 

after controlling for global shifts. Thus, topographical expansion is likely to 601 

reflect the combined contribution of these and other mechanisms. 602 

 603 

Taken together, our findings establish topographical expansion as a 604 

potentially general feature of intensity coding with a rigorous BF-based 605 

approach across large-scale and precision datasets. These findings suggest 606 

that topographical reorganization may be a fundamental feature of neural 607 

coding like the magnitude and pattern of activity, with potential relevance for 608 

biomarker development. Our study also has meaningful implications for 609 

spatial models in neuroimaging. Existing neuroimaging studies that 610 

incorporate spatial models primarily use them to either improve inference by 611 

modeling spatial dependence in activation maps88–90 or improve localization 612 

by modeling spatial variability in activation sites across individuals or 613 

studies91–95. Our findings reveal that spatial extent of activation topography 614 

carries representational information, underscoring the importance of follow-up 615 

studies developing new spatial models that account for topographical 616 

expansion. Furthermore, our study reveals that activation topography can shift 617 

from moment to moment as a function of stimulus intensity, highlighting the 618 

dynamic nature of neural representations. In this sense, topographical 619 

expansion represents a rapid, state-dependent form of representational 620 

change that complements the slower representational drifts observed over 621 

days to weeks96–99. 622 

 623 

The present study has some limitations. First, we only examined 624 

topographical expansion in selected domains, mostly using brief sensory 625 

stimulation. While our findings suggest that topographical expansion may be a 626 

generalizable phenomenon across painful, tactile, auditory, and visual 627 
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stimulation, it still needs to be tested in other cognitive and affective domains. 628 

We have shown that clear differences in the discriminability of high- and low-629 

intensity stimuli may be a crucial driving factor for the extent of expansion. 630 

Further studies can adopt stimuli with sufficient intensity differences in other 631 

cognitive and affective domains. Second, we have focused our analyses on 632 

stimulus intensity, which is one of the most basic properties of sensory 633 

stimulation and is easily manipulated without introducing confounding 634 

changes in other sensory properties. It would be of interest to examine 635 

whether topographical expansion can be induced by other stimulus properties. 636 

Third, we only tested topographical expansion with fMRI data. It is important 637 

to note that BOLD fMRI signals only provide an indirect measure of neural 638 

activity, reflecting metabolic and hemodynamic responses rather than direct 639 

neurophysiological discharges100. While these measures are coupled101,102, a 640 

direct 1:1 mapping between BOLD signals and underlying neural activity 641 

cannot be assumed. It is therefore possible that the observed topographical 642 

expansion does not necessarily reflect the recruitment of novel neuronal 643 

populations, even though prior neurophysiological investigations of neural 644 

recruitment suggest that high-intensity stimulation can indeed recruit 645 

additional neurons20,21,24.  646 

  647 
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Methods 648 

Dataset overview 649 

We analyzed four datasets with a combined N = 631. Datasets 1, 2, and 3 650 

have been published elsewhere and are openly accessible44,103,104. Dataset 4 651 

has not been published previously. Participants in all four datasets received 652 

heat stimuli of different intensity levels and reported perceived pain intensity. 653 

Additionally, participants in Dataset 1 received aversive auditory stimuli, 654 

participants in Dataset 2 completed vicarious pain and cognitive effort tasks, 655 

and participants in Dataset 3 received electro-tactile, auditory, and visual 656 

stimuli. Note that participants did not receive painful stimuli in the vicarious 657 

pain task, but instead watched video clips of patients in pain. In Dataset 4, 658 

participants received only heat stimuli. The intensity of painful stimuli in 659 

Datasets 1, 2, and 3 was fixed for all participants: (1) Dataset 1: contact heat 660 

temperatures: 47 °C, 48 °C, 49 °C; (2) Dataset 2: 48 °C, 49 °C, 50 °C; (3) 661 

Dataset 3: laser heat energy: 3.0 J and 3.5 J, or 3.5 J and 4.0 J. By contrast, 662 

the contact heat stimulus temperature in Dataset 4 was individually calibrated 663 

using an adaptive thermal calibration procedure, with stimulation levels 664 

selected based on participant-specific pain and tolerance thresholds and 665 

corresponding predicted pain intensity estimates. 666 

 667 

Participants 668 

Dataset 1 comprised 97 individuals (47 males, age 19–54 years; Mean ± SD 669 

hereafter = 28.98 ± 5.56 years), including 33 self-reported African Americans 670 

(15 males), 32 non-Hispanic White Americans (16 males) and 32 Hispanic 671 

Americans (16 males). Participants were recruited from the greater Denver 672 

area. None of them reported neurological or psychiatric diagnoses in the past 673 

6 months, and all reported not currently using psychoactive or pain 674 

medications. They also reported no pain-related medical conditions, no 675 

reason to believe they would be especially sensitive or insensitive to contact 676 

heat, and no current unusual pain. Eight and six participants were excluded 677 

from the main analyses due to insufficient trials (< 3) for pain and sound 678 

conditions, respectively, after removing trials with high variance inflation factor 679 

(VIF > 2.5). This left 89 and 91 participants for the pain and sound conditions. 680 

.CC-BY-NC 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 June 9, 2026. ; https://doi.org/10.64898/2026.06.05.730458doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.05.730458
http://creativecommons.org/licenses/by-nc/4.0/


The University of Colorado Boulder Institutional Review Board approved the 681 

study, and written informed consent was obtained from all participants. 682 

 683 

Dataset 2 included 113 participants (44 males, 68 females, 1 other; age: 684 

24.7 ± 5.5 years). Participants were recruited from the Dartmouth College 685 

student body and surrounding communities in New Hampshire and Vermont. 686 

Participants were healthy individuals with normal or corrected-to-normal vision 687 

and hearing, no psychiatric or neurological diagnoses within the past six 688 

months, no MRI contraindications, and no chronic pain. The Institutional 689 

Review Board of Dartmouth College approved the study, and all participants 690 

provided written consent.  691 

 692 

Dataset 3 included 399 participants. Two participants did not provide the 693 

necessary demographic information. Of the remaining participants, 238 were 694 

females, with a mean age of 21.3 ± 3.8 years. Participants were recruited 695 

from Dalian, Liaoning Province, China. All participants were healthy and free 696 

of pain, neurological, or psychiatric disorders. The Ethics Committee of the 697 

Institute of Psychology, Chinese Academy of Sciences approved this study, 698 

and all participants gave written informed consent prior to the experiments. 699 

 700 

Dataset 4 included 22 participants (13 males, 9 females, age: 23.8 ± 2.7 701 

years). Participants were recruited from Dartmouth College. Participants were 702 

healthy individuals with normal or corrected-to-normal vision and hearing, no 703 

psychiatric or neurological diagnoses within the past six months, no MRI 704 

contraindications, and no chronic pain. The Institutional Review Board of 705 

Dartmouth College approved the study, and all participants provided written 706 

consent. 707 

 708 

Sensory stimulation and tasks 709 

Painful heat stimuli were used in Datasets 1–4. Datasets 1, 2, and 3 also 710 

included non-painful components: (1) Dataset 1: aversive auditory stimuli; (2) 711 

Dataset 2: vicarious pain tasks and cognitive effort tasks; (3) Dataset 3: 712 

electro-tactile, auditory, and visual stimuli. 713 
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 714 

In Dataset 1, heat stimulation was delivered to four evenly spaced locations 715 

(one per run) on the volar surface of the left forearm using a 16 × 16 mm2 716 

(model ATS) contact Peltier thermode (Medoc, Inc.). The temperatures were 717 

fixed for all participants, viz., 47 °C, 48 °C, and 49 °C. All heat stimuli included 718 

a plateau at the target temperature flanked by 1.7 s ramp periods with a 32 °C 719 

baseline. Heat stimuli were delivered with three different temporal profiles: (1) 720 

short: 8 s, 4.6 s plateau; (2) long: 11 s, 7.3 s plateau; (3) offset: 11 s, 7.3 s 721 

plateau, with a 1 s, 1 °C temperature spike. We disregarded these temporal 722 

differences and considered only the temperature of heat stimuli in our 723 

analyses. Each heat trial was preceded by a cue signaling the onset of heat 724 

stimuli, and all parts of the trial were separated by variable delays to allow for 725 

effective deconvolution of the BOLD signal associated with each trial element. 726 

Two kinds of aversive auditory stimuli were also administered for 8 s. The first 727 

kind was a physically aversive recording of nails scratching a chalkboard, 728 

which was derived from a study of the psychoacoustics of aversive sounds 729 

and played at three different levels of intensity in steps of 5 dB105. The second 730 

kind of auditory stimulus was a subset of emotionally aversive sounds (attacks, 731 

screaming, and crying) from the International Affective Digital Sounds 732 

database that had the highest arousal and lowest pleasure47. The arousal–733 

pleasure difference scores were used to determine aversive sound intensity 734 

levels. 735 

 736 

In Dataset 2, heat stimuli were administered to the glabrous skin of the ventral 737 

surface of the left forearm using a TSA2 system (Medoc) with a 16-mm Peltier 738 

contact thermode. The temperatures of stimuli were fixed at 48 °C, 49 °C, and 739 

50 °C, with the baseline temperature at 32 °C. These stimuli lasted for 9 740 

seconds with a 5-second plateau. To account for the delay in reaching the 741 

intended temperature, an additional two seconds were padded to both the 742 

ramp-up and ramp-down phases to ensure that heat stimuli were 9 seconds 743 

long with 5 seconds of peak intended temperature. In the vicarious pain task, 744 

participants watched video clips of patients in pain, selected from the UNBC-745 

McMaster shoulder pain expression archive database and categorized into 746 

three stimulus intensity levels using the pre-normed self-reported pain rating 747 

.CC-BY-NC 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 June 9, 2026. ; https://doi.org/10.64898/2026.06.05.730458doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.05.730458
http://creativecommons.org/licenses/by-nc/4.0/


and observer-estimated pain rating provided in the dataset106. In the cognitive 748 

effort task, images for the mental rotation task were selected from the Ganis & 749 

Kievit dataset107. The three intensity levels were set to 50°, 100°, and 150° of 750 

rotation. 751 

 752 

In Dataset 3, laser heat pain stimuli were transient radiant heat pulses 753 

(wavelength: 1.34 μm; pulse duration: 4 ms) generated by an infrared 754 

neodymium yttrium aluminum perovskite (Nd:YAP) laser (Electronic 755 

Engineering, Italy). The laser beam was transmitted by an optic fiber, and its 756 

diameter was set at approximately 7 mm. Laser pulses were delivered to a 757 

predefined square (5×5 cm2) on the left-hand dorsum. After each stimulus, the 758 

laser beam was displaced by approximately 1 cm in a random direction to 759 

avoid nociceptor fatigue or sensitization. Two stimulus energies (3.0 J and 3.5 760 

J) were used in 212 participants as they were relatively more sensitive to laser 761 

pain and the energy level of 4.0 J was avoided. Two other stimulus energies 762 

(3.5 J and 4.0 J) were used in the remaining 187 participants as they were 763 

relatively less sensitive to laser pain. Laser heat and contact heat stimuli both 764 

evoke heat pain, but differ in two main aspects. First, laser stimuli can 765 

selectively activate nociceptors without eliciting tactile sensations, while 766 

contact heat stimuli inevitably activate the touch receptors108. Consequently, 767 

brain activity evoked by contact heat could be less specific to nociception 768 

compared with that evoked by laser heat. Second, laser stimuli used in 769 

Dataset 3 were extremely brief (4 ms), while contact heat stimuli in other 770 

datasets lasted for several seconds. Non-painful stimuli were also delivered. 771 

Non-nociceptive tactile stimuli were constant-current, square-wave electrical 772 

pulses (duration: 1 ms; model DS7A, Digitimer, UK) delivered through a pair 773 

of skin electrodes (1 cm interelectrode distance) placed on the left wrist, over 774 

the superficial radial nerve. The same two stimulus intensities (2.0 mA and 4.0 775 

mA) were used in both participant groups. Auditory stimuli were brief pure 776 

tones (frequency: 800 Hz; duration: 50 ms; 5-ms rise and fall time) delivered 777 

through headphones. The same two stimulus intensities (76 dB SPL and 88 778 

dB SPL) were used for all participants in both participant groups. Visual 779 

stimuli were brief flashes of a gray round disk on a black background (duration: 780 

100 ms) on a computer screen. The stimulus intensities were adjusted using 781 
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the grayscale of the round disk, corresponding to RGB values of (100, 100, 782 

100) and (200, 200, 200), respectively, for all participants in both participant 783 

groups. Stimulus intensities of tactile, auditory, and visual stimuli were 784 

determined based on a pilot behavioral experiment to ensure that the 785 

perceived ratings of low- and high-intensity stimuli were approximately 4 and 786 

7 out of 10, respectively. 787 

 788 

In Dataset 4, heat stimuli were administered to the glabrous skin of the ventral 789 

surface of the right forearm using a TSA2 system (Medoc) with a 16-mm 790 

Peltier contact thermode. Stimulus temperatures were individually calibrated 791 

for each participant based on pain threshold and tolerance assessments 792 

conducted prior to the experimental sessions. Thermal stimulation was 793 

delivered to three distinct skin sites on the right forearm, with site locations 794 

selected during calibration to minimize habituation and sensitization effects. 795 

Each thermal stimulus lasted 13 seconds, consisting of a 10-second plateau 796 

at the target temperature and 1.5-second ramp-up and ramp-down phases. 797 

 798 

Rating scale 799 

Participants were asked to rate the perceived stimulus intensity (Datasets 1, 2, 800 

and 4) and unpleasantness (Dataset 1) with a generalized labeled magnitude 801 

scale (gLMS), which appears to be a ratio scale109. In Dataset 1, the scale 802 

ranged from 0 to 100, with 0 meaning “No experience”, 1.4 “Barely detectable”, 803 

6 “Weak”, 17 “Moderate”, 35 “Strong”, 53 “Very strong”, and 100 “Strongest 804 

imaginable experience”. In Datasets 2 and 4, the scale was surrounded by a 805 

semi-circle and ranged from 0 to 180, with 0 representing “No sensation”, 3 806 

“Barely detectable”, 10 “Weak”, 29 “Moderate”, 64 “Strong”, 98 “Very strong”, 807 

and 180 “Strongest sensation of any kind”. In Dataset 3, the 0–10 Numeric 808 

Rating Scale was used, where 0 meant ‘‘no sensation’’, and 10 meant ‘‘the 809 

strongest sensation imaginable’’. 810 

 811 

Study design 812 

Detailed study designs for Datasets 1, 2, and 3 were reported in previous 813 

studies44,103,104. Here we briefly describe the study designs (Figure 1B); only 814 

.CC-BY-NC 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 June 9, 2026. ; https://doi.org/10.64898/2026.06.05.730458doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.05.730458
http://creativecommons.org/licenses/by-nc/4.0/


the study design of Dataset 4 will be detailed. 815 

 816 

In Dataset 1, participants received a total of 36 heat trials and 24 auditory 817 

trials in four runs44. In each run, participants received one trial at each 818 

temperature (3 temperatures in total) with each temporal profile (3 temporal 819 

profiles in total) and each kind of auditory stimulus (2 kinds in total) at each 820 

intensity (3 intensity levels in total). In other words, each run consisted of 9 821 

heat stimuli and 6 auditory stimuli. The heat stimulation site changed for each 822 

run. Trial order was randomized, following the predetermined constraint that 823 

each temporal profile of heat stimuli and each kind of auditory stimulus were 824 

evenly split between and randomly distributed within the first and second 825 

halves (for Short and Long temporal profiles) or between thirds (for Offset 826 

temporal profile) of each run. At the very beginning of each run, a single 49 °C 827 

stimulus was delivered for 11 s to allow for the initial habituation of the skin 828 

site to contact heat. This ‘washout’ stimulus was left out of all analyses. 829 

 830 

In Dataset 2, participants completed three tasks in three separate sessions: 831 

somatic pain, vicarious pain, and cognitive effort, each with three intensity 832 

levels103. Each task consisted of 72 trials in total (2 cues x 3 stimulus 833 

intensities x 2 repeats per run x 2 runs x 3 sessions). In each trial, participants 834 

first viewed a low- or high-intensity social cue for 1 s indicating the upcoming 835 

stimulus (somatic pain, vicarious pain, or cognitive effort [i.e., mental rotation 836 

task]), then reported expected intensity ratings in a 4-s expectation period, 837 

received the corresponding stimulus for 9 s, and lastly gave perceived 838 

intensity ratings for 4 s. This dataset came from a larger project that included 839 

several additional components. These data were not analyzed as they were 840 

irrelevant to the present study. 841 

 842 

In Dataset 3, participants received 80 transient stimuli of four different sensory 843 

modalities (nociceptive laser, non-nociceptive tactile, auditory, and visual) 844 

divided into two runs, and then rated their perceived intensity with a rating 845 

scale ranging from 0 (‘‘no sensation’’) to 10 (‘‘the strongest sensation 846 

imaginable [in each stimulus modality]’’)104. For each sensory modality, two 847 

stimulus intensities (i.e., high and low) were delivered. In other words, each 848 
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participant underwent eight experimental conditions (4 modalities × 2 849 

intensities), with 10 trials per condition.  850 

 851 

In Dataset 4, participants completed pain testing across three separate 852 

experimental sessions following an initial calibration session. In each session, 853 

participants underwent transcranial direct current stimulation (tDCS) targeting 854 

the left primary motor cortex (M1; C3–Fp2 montage, 2 mA) for 20 minutes. 855 

The stimulation condition (anodal, cathodal, or sham) was randomized across 856 

sessions. In the sham condition, stimulation consisted of a brief ramp-up and 857 

ramp-down period (30 s) with approximately 1 minute of active stimulation. 858 

Following tDCS, participants were positioned in the MRI scanner and 859 

completed three pain runs. Each run consisted of 12 trials administered to the 860 

right forearm, including 6 low-temperature and 6 high-temperature trials, with 861 

temperatures individually determined based on each participant’s pain 862 

threshold and tolerance obtained during the calibration session. Each trial 863 

lasted 40 s and began with a warning cue (“Get Ready”) presented for 1 s, 864 

followed by thermal stimulation lasting 13 s (including a 1.5-s ramp-up, 10-s 865 

plateau at target temperature, and 1.5-s ramp-down). This was followed by a 866 

pain rating period lasting 6 s, during which participants responded using their 867 

left hand. Across each session, participants completed 36 trials in total (18 868 

low- and 18 high-temperature trials). During all three sessions, each 869 

participant completed 108 trials (54 low-temperature and 54 high-temperature 870 

trials). These data were drawn from a larger project that included additional 871 

experimental components (including pre-stimulation pain assessments) 872 

conducted in the same sessions; however, only post-stimulation fMRI runs 873 

were included in the present analyses. 874 

 875 

MRI Acquisition 876 

Dataset 1 was collected on a 3T Siemens Trio MRI scanner at the University 877 

of Colorado Boulder (voxel size in functional images: 3 × 3 × 3 mm³ for the 878 

first 25 participants and 3.4 × 3.4 × 3.4 mm³ for the remaining participants). 879 

Dataset 2 was collected on a 3T Siemens MAGNETOM Prisma MRI scanner 880 

at Dartmouth College (voxel size in functional images: 2.7 × 2.7 × 2.7 mm³). 881 
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Dataset 3 was collected on a GE MR 750 at the Research Center of Brain 882 

Cognitive Neuroscience at Liaoning Normal University, China (voxel size in 883 

functional images: 3.0 × 3.0 × 3.0 mm³). Dataset 4 was acquired on a 3T 884 

Siemens MAGNETOM Prisma MRI scanner with 32-channel parallel imaging 885 

at the Dartmouth Brain Imaging Center (voxel size in functional images: 2.7 × 886 

2.7 × 2.7 mm³). Details of the MRI acquisition parameters can be found in 887 

Tables S2 and S3. 888 

 889 

Image preprocessing 890 

Preprocessed data were analyzed for Datasets 1, 2, and 3. Note that we did 891 

rerun preprocessing with the same pipeline. This decision introduced pipeline 892 

heterogeneity, which strengthens the pipeline generalizability of our findings, 893 

as we did not pool the data but analyzed each dataset separately110. 894 

 895 

Brain images in Dataset 1 were preprocessed with Statistical Parametric 896 

Mapping 8 (SPM8; Wellcome Trust Centre for Neuroimaging, London). The 897 

preprocessing steps included: (1) removing initial images (20 images for the 898 

first 25 participants; 7 images for the rest); (2) slice-timing correction with the 899 

first image (not for the first 25 participants who were scanned with the multi-900 

band sequence); (3) co-registration with an iterative mutual information 901 

algorithm with manual adjustment of the registration starting point; (4) 902 

normalization to the MNI-152 template (resampling voxel size = 2 × 2 × 2 903 

mm3); (5) smoothing with an 8 mm full-width at half maximum (FWHM) 904 

Gaussian kernel. Image intensity outliers were identified using the 905 

Mahalanobis distance computed from a matrix containing the slice-wise mean 906 

intensity and standard deviation. 907 

 908 

For Dataset 2, preprocessing was conducted with fMRIPrep ver 25.1.4111. The 909 

preprocessing included: (1) motion correction with MCFLIRT (FSL ver 7.4.1); 910 

(2) co-registering to the T1 reference using the boundary-based registration 911 

method (BBR) (FreeSurfer); (3) normalizing to the standard space; (4) 912 

smoothing with a 5 mm FWHM Gaussian kernel. Note that we also smoothed 913 

images with 0 mm (i.e., no smoothing), 2.5 mm, 7.5 mm, and 10 mm 914 
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Gaussian kernels to examine the effect of spatial smoothing on results from 915 

Dataset 2. 916 

 917 

For Dataset 3, fMRI data were preprocessed using Statistical Parametric 918 

Mapping 12 (SPM12). The preprocessing included: (1) removing the first three 919 

volumes in each run; (2) slice-timing correction using the second slice and 920 

realignment to the mean slice; (3) co-registration; (4) normalizing to the 921 

Montreal Neurological Institute (MNI) space (resampling voxel size = 3 × 3 × 3 922 

mm3); (5) regressing out five principal components of the white matter (WM) 923 

and cerebrospinal fluid (CSF) signals, and the six motion parameters; (6) 924 

smoothing with a 6 mm full-width at half maximum (FWHM) Gaussian kernel. 925 

 926 

For Dataset 4, we discarded the first ten images, along with those 927 

automatically removed by the MRI scanner, to ensure the signal reached a 928 

steady state. Then, following fMRIPrep ver 23.1.3 preprocessing, multi-echo 929 

fMRI data were further denoised using TE-dependent multi-echo independent 930 

component analysis (ICA) implemented in tedana (ver 23.0.1). To distinguish 931 

BOLD-related (T2*-dependent) signal fluctuations from non-BOLD (S0-932 

dependent) noise, principal component analysis was first performed using the 933 

Minimum Description Length (MDL) criterion to determine the optimal number 934 

of components, followed by independent component analysis decomposition 935 

and automatic component classification by tedana. Components identified as 936 

noise were removed, and the remaining components were recombined to 937 

produce an optimally denoised time series. The resulting denoised data were 938 

then spatially normalized to MNI space using antsApplyTransforms (ANTs) 939 

and transformations derived from fMRIPrep. 940 

 941 

fMRI data analysis 942 

First-level analysis  943 

We ran single-trial analyses for Datasets 1 and 2, and standard first-level 944 

analyses for Datasets 3 and 4. Least Squares-All (LSA) was employed to 945 

estimate single-trial fMRI responses for Dataset 1, and Least Squares-946 

Separate (LSS) was used for single-trial analyses for Dataset 2112. In LSA, 947 
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trial-specific regressors for all trials were included in a single design matrix, 948 

whereas in LSS, a separate general linear model (GLM) was estimated for 949 

each trial with the target trial as a regressor of interest and all other trials 950 

collapsed into another regressor. This heterogeneity, while hampering 951 

comparability to some extent, improved the analytic generalizability of our 952 

findings110.  953 

 954 

The modeling was performed with SPM8 for Dataset 1. We set a boxcar 955 

regressor for the duration of the pain or non-painful stimulation period for each 956 

trial, which was convolved with the canonical hemodynamic response function. 957 

Nuisance regressors included: (1) the six motion parameters, their mean-958 

centered squares, their derivatives, and their squared derivatives; (2) indicator 959 

regressors for signal intensity outliers; (3) run regressors representing each 960 

run; (4) regressors modeling linear drift across the duration of each run; and 961 

(5) irrelevant task components such as the cue preceding stimulation, the first 962 

“washout” heat stimulus, the rating period, and the screen indicating the end 963 

of the task in Dataset 1. A high-pass filter of 244 s (Dataset 1) or 180 s 964 

(Dataset 4) was also applied. Estimated single-trial responses were removed 965 

from further analyses if the variance inflation factor (VIF) was greater than 2.5.  966 

 967 

LSS modeling was conducted with nilearn ver 0.11.1 for Dataset 2. We set 968 

boxcar regressors for pain or non-pain task events, which were then 969 

convolved with the Glover hemodynamic function with temporal derivatives. 970 

Nuisance regressors included: (1) the six motion parameters, their mean-971 

centered squares, their derivatives and their squared derivatives; (2) the 972 

mean of cerebrospinal fluid; (3) motion outliers, which were defined as either 973 

framewise displacement (FD) > 0.5 mm or std_dvars > 1.5; (4) non-steady 974 

outliers from fmriprep. A high-pass filter of 128 s was also applied. 975 

Autocorrelation was addressed with an AR(1) model. 976 

 977 

In Dataset 3, regressors in the first-level analysis included eight conditions (4 978 

modalities × 2 intensities) convolved with the canonical hemodynamic 979 

response function, its temporal derivatives, and six head motion estimates. 980 

Moreover, we high-pass filtered images with a cutoff period of 128 s and 981 

.CC-BY-NC 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 June 9, 2026. ; https://doi.org/10.64898/2026.06.05.730458doi: bioRxiv preprint 

https://doi.org/10.64898/2026.06.05.730458
http://creativecommons.org/licenses/by-nc/4.0/


accounted for temporal autocorrelations using the first-order autoregressive 982 

model (AR(1)). 983 

 984 

In Dataset 4, the modeling was performed using CANlab tools based on 985 

SPM12. For each trial, a boxcar regressor representing the duration of the 986 

pain or non-painful stimulation period was specified and convolved with the 987 

canonical hemodynamic response function (HRF). Nuisance regressors 988 

included: (1) the six motion parameters, their mean-centered squares, their 989 

temporal derivatives, and their squared derivatives; (2) the mean of CSF 990 

signals; (3) indicator regressors for signal intensity outliers; (4) regressors 991 

modeling linear drift across the duration of each run; and (5) regressors 992 

modeling task components not of interest, including the cue preceding 993 

stimulation, the anticipatory period before pain administration, separate 994 

regressors for low- and high-temperature heat stimuli, and the rating period. 995 

 996 

Second-level analysis 997 

CANlab toolboxes (https://github.com/canlab/CanlabCore) and custom 998 

MATLAB (ver R2024b) scripts were used to perform second-level analyses. 999 

Single-trial beta maps for each stimulus were averaged for each intensity level 1000 

and participant and were submitted to one-sample t-tests in Datasets 1 and 2. 1001 

T-maps for each intensity level were converted to BF maps with Jeffreys-1002 

Zellner-Siow priors113. To identify regions encoding stimulus intensity and 1003 

perceptual ratings, we also ran linear regression with single-trial beta maps as 1004 

regressands and stimulus intensity (linearly coded, e.g., -1, 0, 1 for Dataset 1) 1005 

or ratings as regressors; the resulting slopes were then submitted to one-1006 

sample t-tests. In Dataset 3, beta maps for each stimulus condition were 1007 

submitted to one-sample t-tests and T-maps for each condition were 1008 

converted to BF maps with Jeffreys-Zellner-Siow priors. We ran subject-wise 1009 

analyses in Dataset 4, and thus standard second-level analyses were not 1010 

applicable. Note that a gray matter mask was applied for all analyses, and 1011 

that all analyses were conducted in the volumetric space and projected to the 1012 

surface for visualization purposes only. 1013 

 1014 
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BF-based voxel classification 1015 

Voxel classification was based on BF maps converted from second-level t-1016 

maps for Datasets 1, 2, and 3, and first-level t-maps for Dataset 4. The four 1017 

datasets consisted of varying sample sizes, leading us to choose slightly 1018 

different BF thresholds for them. Given that the absolute t-values cannot be 1019 

negative, the conventional cutoff for strong evidence against the null 1020 

hypothesis, namely 0.1, would require a minimum sample size of 125114
, 1021 

which is greater than the sample sizes of Datasets 1 and 2. We thus 1022 

thresholded log(BF) maps at 0.8 and -0.8 for Datasets 1 and 2, which indicate 1023 

moderate to strong evidence for or against a statistical effect. In other words, 1024 

a voxel with log(BF) ≥ 0.8 would be classified as “showing an effect of 1025 

activation/deactivation compared with the implicit baseline”, whereas a voxel 1026 

with log(BF) ≤ -0.8 would be regarded as “showing no effect”. For log(BF) = 1027 

0.8 and -0.8, the corresponding t-values are approximately 2.94 and 0.79 1028 

when the sample size is 89 (Dataset 1), and 2.96 and 0.92 when the sample 1029 

size is 113 (Dataset 2). Given these sample sizes, t-values of 2.94 and 2.96 1030 

yield two-sided p-values of around 0.004, which are smaller than the threshold 1031 

corresponding to an FDR-corrected significance level of p(FDR) = 0.01, 1032 

approximately equivalent to an uncorrected p-value of 0.006 in our pain data. 1033 

In other words, log(BF) = 0.8 is a more stringent threshold than p(FDR) = 0.01 1034 

in Datasets 1 and 2. 1035 

 1036 

To identify systems showing different pain encoding, we classified voxels 1037 

passing the thresholds into eight classes: (1) "High only+", showing activation 1038 

only in the high-intensity conditions (t > 0, log(BF) ≥ 0.8 for High, but log(BF) ≤ 1039 
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-0.8 for Low); (2) "High only-", showing deactivation only in the high-intensity 1040 

condition (t < 0, log(BF) ≥ 0.8 for High, but log(BF) ≤ -0.8 for Low); (3) "Low 1041 

only+", showing activation only in the low-intensity condition (t > 0, log(BF) ≥ 1042 

0.8 for Low, but log(BF) ≤ -0.8 for High); (4) "Low only-", showing deactivation 1043 

only in the low-intensity condition (t < 0, log(BF) ≥ 0.8 for Low, but log(BF) ≤ -1044 

0.8 for High); (5) "Both+", showing activation in both conditions (t > 0, log(BF) 1045 

≥ 0.8 for High and Low); (6) "Both-", showing deactivation in both conditions (t 1046 

< 0, log(BF) ≥ 0.8 for High and Low); (7) “Low+ & High-”, showing activation in 1047 

the low-intensity condition but deactivation in the high-intensity condition (t > 0 1048 

for Low, t < 0 for High, log(BF) ≥ 0.8 for High and Low); and (8) “Low- & 1049 

High+”, showing deactivation in the low-intensity condition but activation in the 1050 

high-intensity condition (t < 0 for Low, t > 0 for High, log(BF) ≥ 0.8 for High 1051 

and Low). Other logically possible classes (e.g., -0.8 < log(BF) < 0.8) were left 1052 

out as they were not relevant to our purposes. Furthermore, we mainly 1053 

focused on “High only+” and “Both+” voxels, since the former supports the 1054 

topographical expansion of sensory representations and the latter helps us 1055 

understand how newly recruited voxels are related to voxels commonly 1056 

activated in high- and low-intensity conditions.  1057 

 1058 

The foregoing voxel classifications were based on two intensity levels, that is, 1059 

(relatively) High and Low. To further explore whether activated regions 1060 

expand as the intensity increases, we also conducted another version of voxel 1061 
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classification with all three intensity conditions (i.e., 47 °C, 48 °C, and 49 °C) 1062 

in Dataset 1. Three voxel classes were defined: (1) “Low & Med & High+”, 1063 

showing activation in all three intensity conditions (t > 0, log(BF) ≥ 0.8 for High, 1064 

Medium, and Low); (2) “Med & High only+”, showing activation only in the 1065 

medium- and high-intensity conditions (t > 0, log(BF) ≥ 0.8 for High and 1066 

Medium, but log(BF) ≤ -0.8 for Low); and (3) “High only+”, showing activation 1067 

only in the high-intensity condition (t > 0, log(BF) ≥ 0.8 for High, but log(BF) ≤ 1068 

-0.8 for Medium and Low). 1069 

 1070 

Note that since Dataset 3 had a large sample size of 399, we applied a log(BF) 1071 

threshold of 1.0 or -1.0. In Dataset 4, we performed subject-wise analyses 1072 

and set the log(BF) threshold to 1.0 or -1.0, given a sufficient number of time 1073 

points. 1074 

 1075 

Permutation test 1076 

To test whether the percentage of voxels classified as “High only+” was 1077 

greater than what could be expected by chance, we performed permutation 1078 

tests. We randomly permuted intensity labels (Low or High) for all beta maps, 1079 

and reran second-level analyses and BF-based voxel classification for 1000 1080 

iterations to generate a permutation distribution of voxel percentages that 1081 

were classified as “High only+”. 1082 

 1083 

Conjunction analysis 1084 

To assess whether “High only+” voxels across datasets and modalities lie in 1085 

similar regions, we conducted parcel-wise conjunctions. We first parcellated 1086 

the brain with the CANLab2024 atlas 1087 

(https://github.com/canlab/Neuroimaging_Pattern_Masks/tree/master/Atlases1088 

_and_parcellations/2024_CANLab_atlas), an atlas constructed from 14 1089 

previously published atlases, including the Glasser atlas and others115–134. We 1090 
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assigned a region to “High only+” if 5% of its voxels were classified as such. 1091 

 1092 

Topographical expansion subtyping 1093 

To quantitatively examine whether there are different types of expansion, we 1094 

computed the Euclidean distance between “High only+” voxels and their 1095 

nearest “Both+” voxels in Datasets 1 and 2. If the distance is small for a 1096 

certain “High only+” voxel compared with the smoothing kernel, that voxel is 1097 

likely to have spread from adjacent “Both+” voxels. Otherwise, the voxel is 1098 

more likely to be recruited anew in response to high-intensity stimulation. We 1099 

call the first type of expansion “spread expansion”, and the second type 1100 

“emergent expansion”. 1101 

 1102 

Smoothing effect analysis 1103 

To assess the effect of spatial smoothing, we re-smoothed Dataset 2, whose 1104 

unsmoothed data were readily available, with the following kernels: 0 mm (i.e., 1105 

no smoothing), 2.5 mm, 7.5 mm, and 10 mm. If a voxel is classified as “High 1106 

only+” even when no spatial smoothing is applied, smoothing should have no 1107 

substantial effect on it being classified as “High only+”. It is noteworthy that 1108 

emergent expansion as defined above is unlikely to be an artifact driven by 1109 

spatial smoothing or vascular mislocalization, as spatial blurring mainly affects 1110 

voxels close to voxels with true signal.  1111 

 1112 

Data and code availability 1113 

Datasets 1 is available at https://github.com/canlab/canlab_single_trials, and 1114 

Dataset 2 is available at https://openneuro.org/datasets/ds005256. Dataset 3 1115 

is available at https://osf.io/y2n34/ (but referred to as Datasets 1&2). Dataset 1116 

4 is from an ongoing study and will be published in the future, but the data 1117 

needed to replicate findings in the current study, including Dataset 3 and 1118 

others, are available at https://osf.io/9j7ey. Code for main analyses is also 1119 

available at https://osf.io/9j7ey. 1120 
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 1 
Figure 1. Study overview. (A) Research questions and analytic approach. 2 

Using four datasets, we studied whether new brain regions are recruited to 3 

process high-intensity pain stimuli compared with low-intensity pain stimuli, 4 

that is, whether brain regions activated by high-intensity pain stimuli expand 5 

topographically compared with those activated by low-intensity pain stimuli. 6 

We also examined whether it is generalizable to non-pain modalities, and 7 

whether different types of expansion can be identified. Recruitment of new 8 

regions (i.e., topographical expansion of representations) was assessed with 9 

Bayes factor-based classification of voxels. Thresholds of 0.8 and -0.8 are 10 

only examples, and slightly different thresholds were applied in different 11 
datasets (see Methods). (B) Study design of the four analyzed datasets. In all 12 

datasets, participants received painful heat stimuli of several intensity levels. 13 

Some datasets also included aversive sound (Dataset 1); vicarious pain and 14 
cognitive effort (Dataset 2) stimuli; and tactile, auditory, and visual stimuli 15 

(Dataset 3). Unlike in Dataset 1, auditory stimuli were pure tones in Dataset 3. 16 

Individualized analysis was conducted in Dataset 4, where >50 stimuli per 17 
intensity level were administered. (C) Intensity ratings of painful and non-18 

painful stimuli. Error bars are standard errors of the mean. Some error bars 19 

are too small to be visually discerned (e.g., Dataset 3). atDCS: anodal 20 

transcranial direct current stimulation; ctDCS: cathodal transcranial direct 21 

current stimulation. 22 
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 24 
Figure 2. Pain-induced topographical expansion in Dataset 1. (A) 25 

Topographical expansion in the 47 °C and 49 °C pair. In addition to voxels 26 

(“Both+”) activated by both high- and low-intensity stimuli, some voxels (“High 27 

only+”) were activated by high-intensity stimuli but not low-intensity stimuli. 28 

Only “Both+” and “High only+” are highlighted here. See Figure S2 for all 29 
classes of voxels. (B) Voxel classification. 4.8% of voxels were classified as 30 

responding only to high-intensity stimuli. (C) Comparisons of “High only+” and 31 

“Both+” voxels. Average activity in “High only+” and “Both+” regions was 32 

similarly able to discriminate between high- and low-intensity stimuli. 33 
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 35 
Figure 3. Replicable pain-induced topographical expansion in Datasets 2 36 
and 3. (A) Topographical expansion in Datasets 2 and 3. In addition to voxels 37 

(“Both+”) activated by both high- and low-intensity stimuli, some voxels (“High 38 

only+”) were activated by high-intensity stimuli but not low-intensity stimuli. 39 

Only “Both+” and “High only+” are highlighted here. See Figures S6&S7 for all 40 

classes of voxels. (B) Percentages of “High only+” voxels. 5.6% and 1.3% of 41 

voxels were classified as responding only to high-intensity stimuli in Datasets 42 
2 and 3, respectively. (C) Parcel-wise conjunction of “High only+” regions in 43 

Datasets 1–3. Regions were considered “High only+” if 5% of voxels were 44 

classified as “High only+”. Regions were masked out if they responded to 45 

high-intensity stimuli only (“High only+”) in only one dataset. pMCC: posterior 46 

mid-cingulate cortex; S1: primary somatosensory area; V1: primary visual 47 

area. 48 

 49 
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 51 
Figure 4. Individualized topographical expansion in Dataset 4. (A) 52 

Distribution of voxel classes. On average, 5.0% of voxels were activated by 53 
high-intensity stimuli only. (B) Correlation between “High only+”/“Both+” and 54 

rating differences. Percentages of “High only+” voxels correlated with rating 55 

differences between high- and low-intensity conditions. P values were 56 

corrected across all voxel classes except “Low+ & High-” and “Low- & High+”, 57 

as a significant number of participants (19 and 13, respectively) had no voxels 58 
within these two classes. (C) Number of participants showing “High only+”. 59 

Regions were considered “High only+” if 5% of voxels were classified as “High 60 

only+”. Regions were masked out if they responded to high-intensity stimuli 61 

only (“High only+”) in fewer than 20% of participants (i.e., ≤ 4 participants). 62 

aMCC: anterior mid-cingulate cortex; pMCC: posterior mid-cingulate cortex; 63 

S1: primary somatosensory area; SMA: supplementary motor area; V1: 64 

primary visual area.  65 
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 66 
Figure 5. Non-pain-induced topographical expansion in Datasets 1–3. 67 

(A&B) Little topographical expansion for non-pain conditions in Datasets 1 68 

and 2. Very few voxels (“High only+”) were activated by high- but not low-69 
intensity stimuli for the aversive sound (Dataset 1), vicarious pain, and 70 

cognitive effort conditions (Dataset 2). (C) Topographical expansion for non-71 

pain conditions in Dataset 3. Non-painful tactile, auditory, and visual stimuli 72 

caused topographical expansion. Unlike in Dataset 1, auditory stimuli were 73 
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pure tones in Dataset 3. (D) Location of modality-selective and modality-74 

general “High only+” areas. There were few “High only+” voxels across all four 75 

modalities and they were thus not visually discernible in the surface plot. No 76 
voxel was selective to audition or vision. (E) Correlation between perceptual 77 

discriminability and topographical expansion. Across all considered “High & 78 

Low” pairs, the extent of topological expansion correlated with perceptual 79 

discriminability, which was quantified as Cohen’s d of the rating differences 80 

between high- and low-intensity conditions. “Mod.”: modality/modalities. ACC: 81 

anterior cingulate cortex; pMCC: posterior mid-cingulate cortex; SMA: 82 

supplementary motor area. 83 
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 85 
Figure 6. Two types of topographical expansion. (A&B) Distance between 86 

“High only+” and the nearest “Both+” voxels in Datasets 1 (A) and 2 (B). 87 

Some “High only+” voxels were far away from “Both+” voxels, although others 88 

were very close, suggesting distinct types of expansion. (C) Voxel classes 89 

under varying smoothing levels in Dataset 2. Smoothing led to the expansion 90 

of “Both+” and “High only+” regions, but some voxels were still responsive to 91 

high-intensity stimuli even when no spatial smoothing was applied. (D) 92 

Quantitative effect of smoothing on the percentages of “High only+” and 93 

“Both+” voxels in Dataset 2. Even without spatial smoothing, a nontrivial 94 

fraction of voxels (~3%) responded only to high-intensity stimuli. A5: fifth 95 

auditory area; AI: anterior insula; aPFC: anterior prefrontal area; dmPFC: 96 

dorsomedial prefrontal area; PHT: posterior horizontal temporal; POS: 97 

parieto-occipital sulcus; Thal_MD: mediodorsal thalamus; TP: temporal pole; 98 

V3: third visual area; V6: sixth visual area. 99 
  100 
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 101 
Figure 7. Contribution of broad activity shifts to expansion in Dataset 1. 102 

(A) Example activity profile across “Both+” and “High only+” voxels. Along the 103 

line connecting S (−49, −20, 7) and E (−49, −34, −22), brain activity changed 104 

systematically across “Both+” and “High only+” voxels. The 99.5% confidence 105 

intervals (CI) are plotted because they are close to the α threshold 106 

corresponding to log(BF) = 0.8. (B) Relationship between t value distributions 107 

in high- and low-intensity conditions before and after removal of global 108 

activity. High-intensity stimuli led to a global upward shift in brain activation 109 

compared with low-intensity stimuli. Note that the black line in the scatter plot 110 

is the fitted line. (C) Pain-induced topographical expansion in Dataset 1 after 111 

global activity removal. 1.0% of voxels were classified as responding only to 112 

high-intensity stimuli, even though upward shifts of brain activation were 113 

removed.  114 
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