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Abstract (215) 49 

 Navigating through natural environments requires localizing objects along three distinct 50 

spatial axes. Information about position along the horizontal and vertical axes is available from 51 

an object’s position on the retina, while position along the depth axis must be inferred based 52 

on second-order cues such as the disparity between the images cast on the two retinae. Past 53 

work has revealed that object position in 2D retinotopic space is robustly represented in visual 54 

cortex, and can be robustly predicted using a multivariate encoding model, in which an explicit 55 

axis is modeled for each spatial dimension. However, no study to date has used an encoding 56 

model to estimate a representation of stimulus position in depth. Here, we recorded BOLD fMRI 57 

while human subjects viewed a stereoscopic random-dot sphere at various positions along the 58 

depth (Z) and the horizontal (X) axes, and the stimuli were presented across a wider range of 59 

disparities (out to ~40 arcmin) compared to previous neuroimaging studies. In addition to 60 

performing decoding analyses for comparison to previous work, we built encoding models for 61 

depth position and for horizontal position, allowing us to directly compare encoding between 62 

these dimensions. Our results validate this method of recovering depth representations from 63 

retinotopic cortex. Furthermore, we find convergent evidence that depth is encoded most 64 

strongly in dorsal area V3A.  65 

 66 

Significance Statement (119) 67 

Estimating the position of objects in depth is essential for human behaviors such as reaching 68 

and navigating in a 3D environment. Single neurons in visual cortex appear to support these 69 

abilities by encoding the depth position of stimuli, however, only a few studies have 70 
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investigated how depth information is encoded by population-level representations in the 71 

human brain. Here, we collected fMRI data and used two multivariate analysis methods to 72 

examine the accuracy of depth encoding in retinotopic visual cortex. Our results show that 73 

depth representations are widespread in retinotopic cortex, with most accurate and robust 74 

encoding in intermediate dorsal region V3A. These findings are in agreement with past work, 75 

and may inform future studies of human 3D spatial perception.  76 

 77 

Introduction 78 

The ability to perceive the location of objects in three-dimensional (3D) space is an essential 79 

component of the human visual system, and supports complex behaviors such as navigation 80 

through the environment and the guidance of eye and limb movements. However, even though 81 

much is known about how two-dimensional (i.e. retinotopic) space is encoded in the human 82 

brain, the encoding of depth representations is less well-understood. 83 

One of the canonical findings of early neuroimaging work in humans is the detailed 84 

description of large-scale, topographic maps of 2D space in occipital and parietal cortex (DeYoe 85 

et al., 1996; Fox, Miezin, Allman, Van Essen, & Raichle, 1987; M. Sereno et al., 1995; M. I. 86 

Sereno, Pitzalis, & Martinez, 2001; Silver & Kastner, 2009). This detailed knowledge of spatial 87 

representations across cortex has enabled researchers to build encoding models that can 88 

accurately estimate 2D spatial locations from fMRI data obtained from a single visual field map 89 

(Ekman, Kok, & de Lange, 2017; Naselaris, Prenger, Kay, Oliver, & Gallant, 2009; Sprague & 90 

Serences, 2013; Vo, Sprague, & Serences, 2017). These encoding models estimate the spatial 91 

selectivity of single voxels to stimuli arrayed across 2D space, which amounts to finding a 92 
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mapping from stimulus space to fMRI responses. A complete, well-estimated model combines 93 

information from voxels selective to all portions of space and is able to then invert the mapping 94 

accurately. That is, given a novel set of fMRI responses, this approach can generate a model-95 

based representation of the spatial properties of the stimulus that the subject viewed on that 96 

set of trials (Naselaris & Kay, 2015; Serences & Saproo, 2012; Sprague, Saproo, & Serences, 97 

2015). 98 

 A recent high-field fMRI study reported that binocular disparity selectivity is 99 

systematically organized in human cortex in a manner similar to orientation columns 100 

(Goncalves et al. 2015). This was significant in dorsal V2 and V3, but especially prominent in 101 

V3A and V3B/KO. The specialization of dorsomedial cortex for depth representations is 102 

consistent with previous human studies suggesting that perceptually relevant depth processing 103 

occurred in these same regions (Backus et al. 2001; Tsao et al. 2003; Bridge & Parker 2007; 104 

Preston et al. 2008). This systematic spatial organization may underlie the success of decoding 105 

studies that utilize multivariate pattern analysis (MVPA) to distinguish between stimulus 106 

positions in depth (Finlayson, Zhang, & Golomb, 2017; Goncalves et al., 2015; Ip, Minini, Dow, 107 

Parker, & Bridge, 2014; Li et al., 2017; Preston, Li, Kourtzi, & Welchman, 2008). Taken together, 108 

these previous studies suggest that an encoding model for depth should also be able to 109 

accurately predict locations along the Z axis. 110 

Here, we used both a support vector machine (SVM) classifier and a spatial encoding 111 

model to directly compare the representation of horizontal (X) and depth (Z) information in 112 

different retinotopic regions of human visual cortex. Based on prior studies, we predicted that 113 

the SVM would be able to successfully classify depth information, especially in dorsomedial 114 
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regions (Finlayson et al. 2017; Goncalves et al. 2015). Furthermore, we predicted that classifier 115 

discriminability would increase as the disparity between the two stimuli increased (Preston et 116 

al. 2008). We presented a wider range of disparities (out to ~40 arcmin) than previous 117 

neuroimaging studies, which more fully samples the extent of human perceptual 118 

discriminability (Backus, Fleet, Parker, & Heeger, 2001; Schumer & Julesz, 1984). We then used 119 

an inverted encoding model (IEM) to estimate the depth position of each presented stimulus. 120 

We predicted that earlier visual regions would be able to recover the depth position with some 121 

degree of precision, but that dorsomedial regions V3A, V3B, and IPS0 would show the highest 122 

quality depth representations. 123 

 124 

Methods 125 

Participants 126 

Nine participants (seven female) were recruited from the [Author University] 127 

community and completed the entire study. The number of participants was determined before 128 

data collection began based on the samples sizes used by fMRI studies with similar 129 

methodology (Barendregt, Harvey, Rokers, & Dumoulin, 2015; Goncalves et al., 2015; Vo et al., 130 

2017). Participants were monetarily compensated for their participation and provided written 131 

informed consent in accordance with the human participants Institutional Review Board at 132 

[Author University]. Each participant participated in 2-4 scanning sessions, each lasting 1-2 133 

hours. Data were also collected for three additional participants, but one dropped out of the 134 

study before data collection was complete, another was unable to fuse the binocular depth 135 
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stimuli, and another discontinued the first session. These data were not analyzed, and are not 136 

reported here.  137 

 138 

 139 

Stimulus Presentation Equipment 140 

Visual stimuli were presented to subjects using stereoscopic, MR-compatible video 141 

goggles (NordicNeuroLabs, VisualSystem) mounted on the head coil and lowered to fit 142 

comfortably in front of the subject’s eyes. Before the subject entered the scanner, the focus 143 

and pupillary distance of the goggles were adjusted so that the subject could comfortably fuse 144 

the images into a coherent stimulus. Displays were generated with the Psychophysics Toolbox 145 

extensions for MATLAB (Brainard, 1997; Kleiner et al., 2007; Pelli, 1997), using OpenGL software 146 

to render 3D stimuli. To generate a disparity between the two images, a different camera 147 

position was defined in OpenGL for each eye (left eye: [x, y, z = -0.4, 0, 10], right eye: [x, y z = 148 

0.4, 0, 10]), giving a screen-to-viewer distance of 10 units and an inter-pupillary distance of 0.8 149 

units (Figure 1). Frames were shown at a rate of 60 Hz, but since each frame was shown to each 150 

eye separately, this resulted in an effective frame rate of 30 Hz. Total screen size was set to 800 151 

x 600 pixels, with an estimated vertical field of view (FOV) of 25° (throughout this text, ° refers 152 

to degrees visual angle, unless otherwise specified) and a horizontal FOV of 33° for average 153 

viewing parameters. We use these parameters to convert all the stimuli drawn in OpenGL units 154 

to an estimate of degrees of visual angle. 155 

Stimulus Locations 156 
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During each run, the sphere stimulus appeared once at each of 36 different locations in 157 

the visual field (Figure 1). The stimulus positions formed a staggered, triangular grid that evenly 158 

sampled locations along the horizontal (X) and depth (Z) axes in a physical space rendered by 159 

OpenGL (Figure 1). The depth positions ranged from 42.8 arcmin to -48.4 arcmin, and the 160 

horizontal positions ranged from 0.9° to 9.8° eccentricity in both directions. Spacing the stimuli 161 

evenly along both the X and Z axes permitted us to estimate the encoding of both X position 162 

and Z position using a spatial encoding model with the exact same basis set (see Methods 163 

section Inverted Encoding Models for Spatial Position). This allowed us to directly compare the 164 

spatial encoding quality across the X and Z axes. 165 

However, due to the nonlinear relationship between physical depth and disparity, this 166 

experimental design choice creates uneven spacing when these stimuli are replotted by 167 

binocular disparity (Figure 1C). Additionally, because each row of the stimulus grid shares a 168 

physical distance, the rows become curved when plotted in units of disparity (Figure 1C). This 169 

means that each row of the grid encompasses a small range of possible disparity values. Exact 170 

values of binocular disparity at each position are reported in Table 1-1. Throughout this text, 171 

we group disparities according to Z position, and refer to them according to the average 172 

disparity within each row (Table 1).  173 

Each stimulus was a sphere with an apparent 3.6° radius. To ensure that this apparent 174 

radius was constant across depth, stimulus sizes in OpenGL space were scaled such that the 175 

stimuli farthest from the viewer had an actual physical size larger than stimuli closest to the 176 

viewer (Figure 1B). Sizes in OpenGL ranged from 0.73 units (furthest) to 0.55 units (nearest).  177 
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Because the grid was triangular, rather than rectangular, it was not perfectly symmetric 178 

about the X axis. We chose to use a triangular grid because it more efficiently samples a plane 179 

than a rectangular grid. To maintain symmetry along the X axis, grid locations were horizontally 180 

flipped on all even numbered runs such that 72 total grid locations (12 X locations x 6 Z 181 

locations) were sampled between each pair of runs (Figure 1). When generating inverted 182 

encoding model representations in the X dimension (see below), we reflected the data from the 183 

even numbered runs horizontally so that the X positions matched those of the odd-numbered 184 

runs, and averaged within each of the 6 remaining X positions.  185 
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 186 

Figure 1. (A) A perspective view on the grid of stimulus positions, and the stereoscopic sphere 187 

composed of colored dots, used to map position selectivity in retinotopic regions of visual cortex. 188 

The black points and the black box outlining the fixation point are for display purposes only – 189 

subjects only saw the sphere and the gray fixation point on a black background in the actual 190 

task. (B) The same example grid in OpenGL units. The size of the sphere, shown in red, was 191 

scaled with Z-position to maintain the same apparent size throughout. (C) Comparison of 192 
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stimulus grid when plotted in units of physical position or disparity. Stimuli in each row of the 193 

grid share a physical Z position (top panel), which results in a curved grid with nonlinear spacing 194 

when units are converted to disparity (bottom panel). This also results in a nonlinear spacing of 195 

the rows along the disparity axis. (D) Subjects performed a demanding contrast change 196 

detection task at fixation throughout all imaging runs; average accuracy on this task is plotted. 197 

Individual points indicate single subjects, error bars indicate mean + SEM.  For a plot of task 198 

performance broken down by the depth position of the stimulus, see Extended Data Figure 1-1.  199 

 200 

Table 1. Stimuli were presented at six unique Z positions. Since disparity within each Z position 201 

varied slightly with eccentricity (e.g. more peripheral positions appear further from the 202 

observer), we report the average value of disparity across each row of the grid shown in Figure 203 

1. For individual values of disparity, see Extended Data Table 1-1. 204 

Z position (OpenGL) Average Disparity (arcmin) 
-1.5 38.6 
-0.9 25.6 
-0.3 11.1 
0.3 -5.2 
0.9 -23.6 
1.5 -44.6 

 205 

Task 206 

During all functional scanning runs analyzed in this report, subjects performed an 207 

attentionally-demanding task at fixation. These “attend fixation” task runs were interspersed 208 

with runs of a separate task that required attention to the 3D sphere stimulus (“attend target” 209 

task). Data from the attend target task is available online. However, these data were much 210 
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noisier, which we believe may be due to changes in vergence when attempting to 211 

simultaneously fixate and attend covertly in depth. Several participants reported difficulty 212 

maintaining consistent fusion during the covert attention task. Therefore, these data are not 213 

described here, nor do we plan to include it in future reports. For completeness, we give a 214 

description of both tasks below. 215 

Both types of runs consisted of 36 trials, and lasted a total of 5 minutes (150 TRs). The 216 

fixation point was a 0.2° square continuously present throughout the run, surrounded by an 217 

0.8° aperture in which no dots of the sphere stimulus were drawn. Each trial began with the 218 

appearance of the sphere stimulus for 3 seconds, followed by a jittered inter-trial interval (ITI 219 

uniformly distributed between 2-6 seconds). Note that trial start times were not synced with 220 

TRs (TR=2000 ms). To improve our ability to deconvolve the hemodynamic time courses, we 221 

added passive fixation at the beginning (2 seconds) and end (10 seconds) of the run. We also 222 

randomly interleaved 9 “null” trials per block in which no stimulus appeared for an entire trial 223 

and ITI. On attend fixation runs, the participant reported whether they detected a brief (200 224 

ms) dimming or brightening of the fixation point with a key press (index finger for dimming, 225 

middle finger for brightening). On attend target runs, the participant reported the direction of a 226 

brief (500 ms) pulse of coherent motion in the sphere stimulus (clockwise or counterclockwise, 227 

when viewed from above). Both the fixation contrast event and the stimulus rotation event 228 

occurred on 100% of trials in both task conditions, always within the window of 1000-2500 ms 229 

after stimulus onset. No events occurred while the stimulus was not visible.   230 

Participants performed between 7 and 21 repetitions of each task across all functional 231 

scanning sessions (mean + SEM: 13.33 + 1.76). This resulted in around 13 repetitions of each of 232 
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the 36 stimulus positions, after aligning the positions between even and odd runs (see Stimulus 233 

Locations). Runs were always presented in pairs, with an attend target run followed by an 234 

attend fixation run. Mean accuracy on the fixation task was 76.4 ± 4.8 %, and mean accuracy on 235 

the target task was 73.6 ± 12.9%.   236 

Sphere Stimulus 237 

The sphere stimulus consisted of a set of multicolored, flickering dots that were 238 

randomly positioned on the shell of a 3D sphere, with radius 3.4 . The color of each dot was 239 

defined by a vector in HSV (Hue, Saturation, Value) color space, with each component in the 240 

range [0,1]. For all dots, we used fixed values for saturation (0.5) and for value (0.9). The hue of 241 

each dot was a randomly chosen position along the circular hue axis, resulting in a set of dots 242 

with different hues but the same saturation and value. These HSV vectors were passed into the 243 

MATLAB function hsv2rgb.m to generate an RGB triplet for each dot, which was used when 244 

rendering the dots through Psychtoolbox. Each dot had a lifetime of 100 ms and was redrawn 245 

every 100 ms at a random location on the sphere surface. 246 

To generate a detectable motion signal, which participants responded to during “attend 247 

target” runs (data not reported, see above), a proportion of the dots were rotated around the y 248 

(vertical) axis to generate either clockwise or counterclockwise motion. When the stimulus first 249 

appeared, 100% of the dots were drawn in a random, flickering pattern with no coherent 250 

motion, then, during a 1 second interval during each trial, a proportion of the dots were 251 

selected to rotate. Rotating dots continued to rotate through the duration of their lifetime, but 252 

were re-drawn after 100 ms. Dots were rotated about the Y axis by 1.15° (in polar angle) per 253 
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frame, with a frame rate of 30 Hz, resulting in a rotational speed of 34.38° (in polar angle) per 254 

second. 255 

Functional Localizer Task 256 

To localize voxels that were responsive to the portion of the visual field in which stimuli 257 

were presented, a separate functional localizer task was used. This task consisted of 20 trials, 258 

and lasted a total of 5 minutes and 10 seconds (155 TRs). During each trial, a set of flickering, 259 

multicolored dots (rendered in same way as sphere stimulus, see above) was drawn within a 260 

rectangular volume spanning one quadrant of the 3D visual field (left front, left back, right 261 

front, right back). Each dot field spanned the same 3D range of space in which spheres 262 

appeared during the main task; for example, the left front dot field spanned from -13.4° to 0° in 263 

X, from -3.6° to 3.6° in Y, and from 0 arcmin to -44.6 arcmin in Z. Each quadrant was stimulated 264 

5 times per run, in a random order. Dots were onscreen for 8 seconds, and during this time a 265 

brief (200 ms) pulse of motion occurred in either the leftward or rightward direction. Subjects 266 

reported the direction of motion using either their index or middle finger.  267 

 Each subject performed between 2-7 runs of the localizer task, which were interspersed 268 

during scanning sessions of the main task. This resulted in between 10 – 35 repetitions of each 269 

quadrant. Mean accuracy on this task was 79.2 ± 16.9%. All localizer runs for each subject were 270 

combined into a single GLM for analysis purposes. 271 

MRI acquisition  272 

All participants were scanned using a 3T GE MR750 research-dedicated scanner at 273 

[Author University]. We collected whole-brain functional images using a gradient EPI pulse 274 

sequence using a 32-channel head coil (Nova Medical) and an axial slice stack (19.2 x 19.2 cm 275 
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FOV with 64 x 64 matrix, 35 3-mm thick slices with 0 mm gap, TR=2000 ms, TE = 30 ms, flip 276 

angle = 90 ), which resulted in 3x3x3 mm3 voxels. For subject BJ, these data were collected with 277 

an 8-channel head coil (19.2 x 19.2 cm FOV with 96 x 96 matrix, 31 3-mm thick slices with 0-mm 278 

gap, TR = 2250 ms, TE = 30 ms, flip angle = 90 ) which resulted in 2x2x3 mm voxels. In the 279 

middle of the scan session, we acquired a B0 field map to correct for spatial distortions 280 

resulting from field inhomogeneities. During each scan session, we also collected a structural 281 

MRI using the same head coil as the functional data, accelerated by GE ASSET to obtain 1x1x1 282 

mm3 voxels (25.6 x 25.6 cm FOV with 256x256 matrix, 172 1-mm thick slices with 0-mm gap, TR 283 

= 8136 ms, TE = 3172 ms, flip angle = 8 ).  284 

MRI Preprocessing 285 

 The end result of our MRI preprocessing is an estimate of each voxel’s activation in 286 

response to each individual trial event. Voxels were subdivided into 9 retinotopic regions of 287 

interest (ROIs). This process is described in detail below.  288 

Each session’s structural scan was preprocessed to maximize the quality of alignment 289 

with the functional dataset. In BrainVoyager 2.6.1, we removed the head and skull tissue using 290 

automatic built-in algorithms. The images were then spatially resampled to a 1x1x1 mm3 291 

resolution, and manually adjusted to align with the AC-PC plane. These data were then aligned 292 

to the subject’s higher-resolution structural image from their retinotopy session to allow for the 293 

use of retinotopically-defined ROIs (see below for more detail). 294 

All functional data was unwarped using a custom script from the [Author University] 295 

Center for Functional Magnetic Resonance Imaging written for FSL and AFNI. Each run was 296 

aligned to the same-session structural scan. We then performed slice-time correction, affine 297 
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motion correction, and temporal high-pass filtering to remove slow signal drifts over the course 298 

of each session in BrainVoyager 2.6.1. These data were spatially transformed into Talairach 299 

space. Finally, the BOLD signal in each voxel was Z-transformed within each run (after 300 

preprocessing, the resampled size of each voxel was 3x3x3 mm). Single-trial activation 301 

estimates, which were used for the SVM and IEM analyses described below, were obtained by 302 

taking an average of the Z-scored BOLD signal at the 3rd and 4th TRs following stimulus 303 

presentation. 304 

We followed previously published retinotopic mapping protocols to define the ROIs 305 

reported here (Jerde & Curtis, 2013; Swisher, Halko, Merabet, McMains, & Somers, 2007; 306 

Wandell, Dumoulin, & Brewer, 2007; Winawer & Witthoft, 2015). Subjects viewed rotating 307 

wedge (10 cycles, 36 s/cycle), and bowtie stimuli (8 cycles, 40 s/cycle) presented at a single 308 

disparity through the MR-compatible video goggles (described above). To increase the quality 309 

of data from parietal regions, subjects performed a covert attention task on the rotating wedge 310 

stimulus (Sprague & Serences, 2013). They detected contrast dimming events in a row of the 311 

checkerboard (mean accuracy = 61.8 ± 13.9%). This stimulus was limited to 25.0° by 25.0° FOV. 312 

After defining each retinotopic ROI, we applied a functional mask defined by voxels with 313 

significant BOLD response changes to any of the functional localizer stimuli (FDR corrected 314 

q<0.05). The statistical parametric map for the localizer was defined by solving a traditional 315 

generalized linear model (GLM) convolving trial events with a canonical two-gamma HRF (peak 316 

at 5 s, undershoot peak at 15 s, response undershoot ratio 6, response dispersion 1, undershoot 317 

dispersion 1). This limited our voxel population to those that were responsive to some position 318 

within the mapped X-Z plane. In all analyses reported here, we used all voxels defined by the 319 
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mask and did not equate voxel number across ROIs. When we repeated the major analyses with 320 

a fixed number of voxels in each region, we found similar results (data not shown).  321 

The full range of retinotopic regions we examined was V1-4, V3A, V3B, IPS0-3, and LO1-322 

2. After performing some initial analyses on this full list of regions, we found little evidence for 323 

depth representations in IPS1, IPS2 or IPS3. This may have been due to a limited number of 324 

voxels in each of these regions after thresholding with the localizer mask. Therefore, we do not 325 

include IPS1, IPS2 and IPS3 in the results reported here.  326 

SVM Decoding 327 

To assay information about stimulus position along the depth (Z) axis, we used a linear 328 

support vector machine (libSVM software package, version 3.1, linear kernel) to classify trials 329 

according to their Z position. We performed decoding between each individual pair of Z 330 

positions (collapsing across X position within each row of the grid). Since our grid contained 6 331 

distinct Z positions, this gave 15 possible pairwise comparisons. For each of these comparisons, 332 

we identified all trials in which the stimulus was at one of the two positions of interest, and 333 

performed classification on this restricted data set. 334 

To avoid overfitting, we used a leave-one-out cross-validation scheme, in which the 335 

model was trained on data from all but one imaging run, and tested on the left-out run. This 336 

process was repeated so that each run served as the test run once. We assessed decoding 337 

performance using d prime (d’), calculated using signal detection theory. We report d’ here in 338 

preference to classifier accuracy, because d’ is normally distributed and thus better suited for 339 

use in parametric statistics (Woolgar, Williams, & Rich, 2015).  340 
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   We measured the significance of decoding performance by generating a null distribution 341 

of decoding accuracies. The null distribution values decoding performance were generated by 342 

shuffling the position labels over all trials, and performing classification on this shuffled data 343 

set. This process was repeated over 1000 iterations within each subject and each ROI. We 344 

calculated significance for each ROI at the subject-averaged level, by calculating the mean d’ 345 

across subjects for the real data, as well as the mean d’ across subjects for each iteration of 346 

shuffling.  A p-value was then obtained by calculating the proportion of shuffling iterations on 347 

which the shuffled d’ exceeded the real d’, and the proportion on which the real d’ exceeded 348 

the shuffled d’, and taking the minimum value. We then performed FDR correction on the 349 

entire table of 150 p-values (10 ROIs x 15 comparisons), at the 0.05 and 0.01 significance levels 350 

(Benjamini & Yekutieli, 2001).   351 

To test whether pairwise Z decoding performance differed significantly across disparity 352 

differences or across ROIs, we performed hierarchical model comparison in R (Version 3.5.3; 353 

Boston, MA) with the lme4 package. We set up a nested series of six linear mixed regression 354 

models, specified as follows:  355 

 356 
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 357 

Here, ∆disp is a continuous variable that we expect to have a linear relationship with d’. 358 

We used a likelihood ratio test to obtain a Chi-square statistic comparing each model to the one 359 

below it in the hierarchy. The effects of disparity difference, ROI, and the interaction were 360 

assessed by comparing M1 and M0, M2 and M1, and M5 and M4, respectively. We performed 361 

pairwise comparisons between ROIs using the least squares means method, implemented 362 

through the lsmeans package in R. All p-values were corrected using Tukey’s method.  363 

Finally, to more closely examine the interaction between disparity difference and ROI, 364 

we estimated the slope and intercept of the d’/disparity relationship by performing resampling 365 

across subjects as described above. On each resampling iteration, we used linear regression to 366 

calculate a slope and intercept for the d’/disparity relationship within each ROI. To determine if 367 

the slope in each ROI differed significantly from zero, we performed a two-tailed t-test 368 

comparing the distribution of slopes against zero, and performed FDR correction across all ROIs 369 

(q=0.01).  370 

Inverted Encoding Models for Spatial Position 371 

In addition to using the linear SVM to decode depth information, we also trained a 372 

forward encoding model to get a continuous estimate of depth encoding. This model makes the 373 

assumption that the response of any individual voxel can be modeled as the sum of the 374 

responses of a set of underlying neural populations, or “channels”, each of which is sensitive to 375 

a particular set of locations in space (Brouwer & Heeger, 2009, 2011; Sprague & Serences, 376 

2013). To model these channels, we created a set of basis functions that evenly tile the stimulus 377 

space (either the X or the Z axis) and predicted how each basis function would respond to the 378 
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stimulus on each trial. We then regressed the BOLD responses from each voxel onto these basis 379 

function responses, yielding a pattern of basis function weights for each voxel that describe its 380 

spatial sensitivity. Finally, using a separate set of test data, we used the estimated weights to 381 

predict the response in each spatial channel on each trial, and used this to generate a model-382 

based spatial representation of the viewed stimulus.  383 

First, we defined a general linear model to express the BOLD response of each voxel on 384 

each trial. This model is defined in Equation 1: 385 

(1)  386 

Where  is a matrix describing the mean activation of each voxel on each trial (n voxels 387 

by t trials),  is a design matrix describing the activation in each spatial channel (b basis 388 

functions by t trials), and  is a weight matrix describing the transformation from channel 389 

space to voxel space (n voxels by b basis functions).  390 

The design matrix  was determined as follows. First, we defined a set of 6 basis 391 

functions that evenly tiled the dimension of interest (either the X or Z axis). Basis functions 392 

were centered exponentiated cosine as described in Equation 2. This results in a curve with a 393 

Gaussian-like form, with a baseline of zero outside a fixed range. 394 

(2)  395 

These were combined to yield matrix  (b basis functions by p pixels). To construct a 396 

design matrix , we constructed a pixel representation of our stimulus on every trial (matrix , 397 

p by t trials), and multiplied  to yield  (b by t). We can then use B1 and X1 to solve for the 398 

basis function weights using the Moore-Penrose pseudoinverse: 399 

(3)  400 



 

 
 

19 

Finally, we inverted the forward model to decode stimulus position. For a matrix of 401 

voxel responses recorded during independent scanning runs,  (n voxels by t trials), we can 402 

calculate the response of each channel on each trial, , by multiplying by the pseudoinverse of 403 

the estimated weight matrix: 404 

(4)  405 

For visualization and fitting purposes, we multiply by  to yield a t trial by p pixel 406 

matrix of model-based representations for each test trial. Training and testing were performed 407 

using a leave-one-run-out cross-validation scheme, so that each scanning run served as the test 408 

set exactly once.  409 

For each subject, model-based representations of stimuli at the same spatial positions 410 

were averaged over all trials to obtain a mean representation of each stimulus position. In the X 411 

dimension, for all odd-numbered runs, we flipped the X coordinates of each stimulus position 412 

from left to right. This allowed us to average over stimulus positions that were equally far from 413 

fixation (see Stimulus Locations above). In total, this resulted in 6 representations of X position 414 

and 6 representations of Z position for each subject and ROI.  415 

Each model-based representation was then fit with an exponentiated cosine function 416 

having parameters of center, size, amplitude and baseline (see next section).  417 

Fits of IEM-Based Representations 418 

 Model-based representations of each stimulus position along the X and Z axes were 419 

fitted with curves having the same form as the basis functions (Equation 2), with additional 420 

parameters for baseline and amplitude: 421 

(5)  422 
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Fitting was performed using a two-step iterative procedure. First, to obtain an initial 423 

estimate of the center c, size s, amplitude a, and baseline b, we generated a grid over a subset 424 

of possible centers and sizes. Centers ranged from -2.75 to 2.75 units in OpenGL space 425 

(corresponding to the region of visual stimulation during the task) in steps of 0.1, and sizes 426 

ranged from 1.5 to 15 in steps of 0.1. Using each combination of center and size, we calculated 427 

the fit amplitude and baseline using linear regression, restricting amplitudes to lie between 0 428 

and the maximum height of the representation (max value – min value). The fit with the lowest 429 

root-mean-squared-error (RMSE) was used as the starting point for an additional fine-tuning 430 

procedure, using a linear optimization algorithm to minimize the RMSE (fmincon from 431 

MATLAB’s Optimization Toolbox).  During this fine-tuning step, center and size of the fit was 432 

each constrained to fall within one grid step (0.1 units) of its initial value, baseline was 433 

constrained between -5 and 5, and amplitude was again constrained between 0 and the 434 

maximum height of the representation (max value – min value). If this final step resulted in an 435 

increase in RMSE relative to the initial fit, then the initial fit was used, otherwise the 436 

parameters of the fine-tuned fit were used. 437 

Though we estimated values for four fit parameters, we focus here on the estimates of 438 

center and amplitude. Both the center and the amplitude of model-based representation fits 439 

can be used as informative measures of representation quality. Baseline and size estimates are 440 

shown in Extended Data Figure 6-1 and Figure 6-2. 441 

 The accuracy of our model-based representations was evaluated in several ways. First, 442 

we assessed the correspondence between representation fit centers and actual stimulus 443 

centers. To generate estimates of the mean and 95% confidence intervals for fit center across 444 
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our sample, we used bootstrapping (Efron & Tibshirani, 1993). That is, we resampled with 445 

replacement across subjects 1000 times. This generated an empirical estimate of the variability 446 

of the data. These bootstrapped estimates of the fit centers are plotted as error bars in in 447 

Figure 5. Taking the absolute value of the difference between the fit center and the actual 448 

stimulus center gave us an estimate of the overall representation error, depicted in Figure 6A 449 

and Extended Data Figure 6-2A.  We used the same method to generate bootstrapped means 450 

and 95% confidence intervals for all other fit parameters (size, amplitude, and baseline), which 451 

are shown in Figure 6B, Extended Data Figure 6-1, and Extended Data Figure 6-2.  452 

After visualizing the distributions of model-based representation error, we formally 453 

tested whether this measure differed significantly across stimulus positions or across ROIs. 454 

Using the estimates of representation error for each subject (not bootstrapped), we 455 

constructed a nested series of linear mixed regression models and performed a likelihood ratio 456 

test using the lme4 package in R. We set up a nested series of six linear mixed regression 457 

models, specified as follows:  458 

 459 
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Here, position is a categorical variable with 6 different levels. We compared each model 460 

to the one below it in the hierarchy using a likelihood ratio test. The effects of position, ROI, 461 

and the interaction were assessed by comparing M1 and M0, M3 and M2, and M5 and M4, 462 

respectively. We performed pairwise comparisons between ROIs using the least squares means 463 

method, implemented through the lsmeans package in R. All p-values were corrected using 464 

Tukey’s method. We repeated the same procedure to perform an analysis on the fit amplitudes. 465 

Finally, as a second measure of representation accuracy, we estimated a slope and 466 

intercept for the relationship between representation center and actual stimulus center. The 467 

logic behind this measure is that if the model-based representations from the IEM perfectly 468 

captured the stimulus positions, the slope would be close to 1. To estimate the variability of the 469 

slopes, we took the bootstrapped estimates of representation fit centers described above, and 470 

fit a line to every single resampling iteration. We then used the distribution of resampled slopes 471 

to obtain a p-value comparing the slope in each ROI against zero. The resulting p-values were 472 

FDR corrected across all ROIs for both X and Z (q=0.01). Additionally, we used the resampled 473 

slope distributions to perform pairwise comparisons between individual ROIs, followed by FDR 474 

correction (q=0.01). The estimated slopes are plotted in Figure 6C. 475 

Code Accessibility 476 

All code and data required to reproduce the analyses of this paper is available on the 477 

Open Science Framework at https://osf.io/j7tpf/. Code files can also be downloaded directly 478 

(Extended Data 1). We performed all analyses on a Linux operating system. 479 

Results 480 

SVM Decoding  481 
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We first used a linear support vector machine (SVM) as a benchmark to compare our 482 

results to previous work. We performed classification between each possible pairing of Z 483 

positions (for 6 locations in depth, this resulted in 15 pairwise Z decoding schemes). Averaging 484 

across these 15 comparisons gave a single value for 6-way decoding, which was numerically 485 

highest in V3A, V3B, and IPS0 (Figure 2), as has been found in past work (Goncalves et al., 2015; 486 

Preston et al., 2008). Though average decoding performance differed among ROIs, d’ was above 487 

chance in all regions examined, including early visual cortex. 488 

 489 

 490 

Figure 2. Average six-way decoding performance in the Z dimension. Performance (d’) values 491 

were averaged across subjects and error bars indicate standard error of the mean (SEM). Filled 492 

circles over individual bars indicate above chance decoding after FDR correction at q=0.01. 493 

Asterisks indicate significant differences at the 0.05(*), 0.01(**), and 0.001(**) significance 494 
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levels, respectively. Pairwise comparisons were corrected using Tukey’s method, see Methods 495 

for details. 496 

 497 

Next, we examined performance on each individual pairwise discrimination, and plotted 498 

classifier performance as a function of the difference in disparity between the two positions of 499 

interest. Overall, this analysis revealed a positive relationship between the disparity difference 500 

between stimuli and associated decoding performance (Figure 3, Extended Data Figure 3-1). At 501 

the largest disparity difference (83.2 arcmin), seven out of nine ROIs showed above-chance 502 

decoding performance, with V3A showing the highest performance (accuracy = 60.0 ± 4.0%, d’ = 503 

0.54 ± 0.22). Performance at the second largest difference (70.2 arcmin) was comparably 504 

strong, with eight out of nine ROIs showing above-chance decoding performance, and the 505 

highest performance again in V3A (accuracy = 61.3 ± 3.3%, d’ = 0.61 ± 0.20). As the difference in 506 

disparity between the two positions decreased, the number of ROIs with above-chance 507 

decoding decreased, with no ROIs showing above-chance discrimination of disparities less than 508 

16.2 arcmin. Additionally, plotting pairwise decoding performance in matrix form (Extended 509 

Data Figure 3-1) revealed that the nearest Z position (-44.6 arcmin) tended to be the most 510 

discriminable from other positions. 511 

To evaluate whether Z position decoding performance differed significantly across 512 

disparity differences or across ROIs, we performed hierarchical model comparison between 513 

several linear mixed regression models (see Methods for details). This revealed a significant 514 

effect of disparity difference ( 2 (1) = 155.76, p<10-15), a significant effect of ROI ( 2 (8) = 47.44, 515 

p<10-6), and a significant interaction between disparity difference and ROI ( 2 (8) =  37.42, p<10-516 
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5). We further investigated the main effect of ROI by performing pairwise comparisons, which 517 

revealed several important differences. Decoding was significantly higher in dorsal area V3A 518 

than in early visual areas V1-V4 (Tukey corrected p<0.05: V3A – V1 t = 0.15, SE = 0.03, p = 519 

0.0005; V3A – V2 t = 0.15, SE = 0.03, p = 0.0003; V3A - V3 t = 0.13, SE = 0.03, p = 0.0071; V3A -520 

V4 t = 0.18, SE = 0.03, p<10-4), and was also higher in IPS0 than in V1, V2, and V4 (Tukey 521 

corrected p<0.05: IPS0 – V1 t = 0.12, SE = 0.03, p = 0.0208; IPS0 – V2 t = 0.12, SE = 0.03, p = 522 

0.0157; IPS0 – V4 t = 0.15, SE = 0.03, p = 0.0009). Performance in V3B was also significantly 523 

higher than performance in V4 (t = 0.11, SE = 0.03, p = 0.0332). 524 

 Though decoding performance generally scaled positively with disparity difference, the 525 

strength of this relationship differed among ROIs. To investigate this interaction, we used 526 

bootstrapping to estimate the slope of the d’/disparity relationship in each ROI. Estimated slope 527 

was highest in V3, V3A, V3B, and IPS0, and was significantly higher than zero in all ROIs except 528 

for V1 (Figure 3B).  529 

  530 
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Figure 3. SVM classifier d-prime depends on difference in stimulus disparity between the 532 

positions of interest. (A) Each unique pair of the 6 stimuli in depth is plotted on the abscissa, 533 

with small disparity differences indicating that the stimuli were close together in the Z 534 

dimension. Blue lines depict the fit to the mean bootstrapped across subjects, and asterisks (*) 535 

indicate a significantly positive slope (FDR q = 0.01). Filled and open circles above individual 536 

error bars indicate significance after FDR correction at q=0.01 and q=0.05, respectively.  For the 537 

same data plotted as a dissimilarity matrix, see Extended Data Figure 3-1. (B) Bootstrapped 538 

distribution of slopes for the relationship between classifier d’ and the disparity difference 539 

between the positions of interest. Filled gray circles indicate slopes significantly above 0 (FDR q = 540 

0.01). 541 

 542 

Inverted Encoding Model 543 

 In the next analysis, we used a forward encoding model to explicitly model a single 544 

continuous Z-axis and tested how well we could estimate stimulus position from this model. As 545 

a comparison condition, we also modeled a single continuous X axis. We built two separate 546 

encoding models: one for X position and one for Z position. Each voxel was modeled as a linear 547 

combination of 6 modeled spatial channels with sensitivity along either the X or Z dimension 548 

(see Methods). Importantly, the structure of the spatial encoding model was identical between 549 

the two dimensions, and the stimuli were evenly gridded along both the X and Z axes (Figure 1). 550 

These experimental design choices allowed us to directly compare the quality of X encoding and 551 

Z encoding for positions in rendered physical space (i.e., OpenGL coordinates). After estimating 552 

the channel weights on a set of training data, we tested the accuracy of the model by inverting 553 
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the weights and applying them to a novel set of test data. This yields an estimate of the 554 

stimulus position along the X or Z axis, which we refer to as a model-based stimulus 555 

representation.  556 

We plot the mean model-based representations for 6 positions along the X axis and 6 557 

positions along the Z axis in Figure 4. The X representations were our positive control, and were 558 

expected to show high accuracy based on previous reports (e.g. Sprague et al., 2013; Vo et al., 559 

2017) and knowledge about retinotopic organization in these areas. We find that X 560 

representations are much more accurate than Z representations, especially in early visual areas 561 

V1 – V4. However, in dorsomedial areas the estimated depth positions appear to increase in 562 

accuracy. This can be seen by comparing the peaks of the curved lines in Figure 4 with the 563 

locations of the vertical lines in matching colors. 564 

 565 
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 566 

Figure 4. Average model-based representation of stimuli at each position along the X (blue-567 

green) and Z (purple) dimensions. Vertical lines indicate where the stimuli were presented along 568 

the X or Z axis. The curved lines in matching colors indicate representations of the corresponding 569 

positions. 570 

 571 
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To quantify the model-based representations, each subject’s average representation 572 

was fit with an exponentiated cosine function to describe its center, size, amplitude, and 573 

baseline (Equation 5). We estimated the variability of each fit parameter by resampling with 574 

replacement across subjects (see Methods) to generate an empirical estimate of the 95% 575 

confidence intervals. These distributions for all parameters are plotted in Figure 6, Extended 576 

Data Figure 6-1, and Extended Data Figure 6-2. We focus here on the fit centers and 577 

amplitudes.  578 

We first plotted the distribution of fit centers against the actual stimulus positions, 579 

allowing us to visualize the overall accuracy of the representations (Figure 5). We also used the 580 

distribution of fit centers to estimate the absolute error of representations in each ROI 581 

averaged over positions, shown in Figure 6A. From these plots it can be seen that in the X 582 

dimension, the representation centers generally track the stimulus location at all positions and 583 

ROIs. However, a few X representations deviated slightly from the true stimulus center in a 584 

statistically significant fashion. For example, the two leftmost positions were slightly 585 

misestimated by area V3B (signed error between fit and true positions 0.39 [0.18, 0.66]; -0.33 [-586 

0.73, -0.05]), suggesting that some level of noise should be expected in the Z representations as 587 

well. By comparison with the X data, the Z representations were both less accurate (larger 588 

absolute error) and less consistent (larger CIs). IEMs based on data from dorsomedial regions 589 

V3A and IPS0 represented stimulus depth with the lowest error (Figure 5, Figure 6A). To test 590 

whether the position representation error was significantly different between stimulus 591 

positions or between ROIs, we used hierarchical model comparison of a nested set of linear 592 

mixed regression models (see Methods). This analysis revealed a significant main effect of 593 
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position ( 2 (5) = 36.55, p<10-6), but no effect of ROI ( 2 (8) = 10.75, p=0.22), and no interaction 594

between the two ( 2 (40) = 35.09, p=0.69). We further investigated the effect of Z position by 595

performing pairwise comparisons between all Z positions, which showed that error was 596

generally lower at depth positions closer to the fixation plane. For a plot of fit error versus Z 597

position showing all significant pairwise comparisons, see Extended Data Figure 6-2.  598

 599

 600

Figure 5. Best fit centers of model-based representations at each stimulus position versus actual 601

displayed stimulus center (thin gray line). Average fit center across participants shown in black 602

solid lines, with 95% confidence intervals computed by bootstrapping. Individual participants are 603
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shown in colored circles. Mean linear regression solution is shown with a dotted black line, 604 

where high accuracy representations have a dotted line that overlaps with the gray line. 605 

 606 

We next examined the amplitude of fits in each ROI, as an overall measure of 607 

representation robustness, or signal-to-noise ratio (Figure 6B). In the X dimension, 608 

representation amplitude was similar in all areas, with the highest mean amplitude in V1 (mean 609 

[95% CI], 0.62 [0.61, 0.63]), and lowest amplitude in IPS0 (0.57 [0.56, 0.59]). In contrast, Z 610 

representation amplitude was more variable across areas, with the highest amplitude in V3A 611 

(0.72 [0.63, 0.83]), followed by LO2 (0.69 [0.61, 0.80]), and the lowest amplitude in V3 (0.55 612 

[0.50, 0.61]). We submitted the Z representation amplitudes to a mixed effects analysis as 613 

previously described, which revealed a significant effect of ROI ( 2 (8)  = 40.89, p<10-5), a 614 

significant effect of position ( 2 (5) = 29.46, p<10-4), but no interaction ( 2 (40) = 41.43, p=0.41). 615 

Pairwise comparisons revealed that amplitude was significantly higher in dorsal area V3A than 616 

in early visual areas V1, V2, V3, and V4 (Tukey corrected p<0.05: V3A – V1 t = 0.14, SE = 0.04, p 617 

= 0.0040; V3A – V2 t = 0.17, SE = 0.04, p=0.0002; V3A – V3 t = 0.17, SE = 0.04, p = 0.0001; V3A – 618 

V4 t = 0.14, SE = 0.04, p = 0.0073), and that amplitude was significantly higher in LO2 than in V2 619 

and V3 (Tukey corrected p<0.05: LO2 – V2 t = 0.14, SE = 0.04, p = 0.0048; LO2 – V3 t = 0.14, SE = 620 

0.04, p = 0.0036). Across all ROIs, pairwise comparisons showed that amplitude was lowest at 621 

the furthest position (38.6 arcmin or -1.5 OpenGL units). For a plot of amplitude by Z position 622 

showing all significant pairwise comparisons, see Extended Data Figure 6-2. 623 

Finally, to provide a complementary measure of how well the model-based 624 

representations tracked the stimulus positions, we fit a line to the fit centers as plotted in 625 
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Figure 5. This analysis is distinct from the SVM slope analysis shown in Figure 3 because the IEM 626 

allows us to test the accuracy of X or Z encoding in various ROIs. A slope of 1 indicates perfect 627 

accuracy, while a slope of 0 would indicate that the spatial encoding model captured no 628 

information about stimulus depth at all. We found a significantly positive slope in the X centers 629 

of the model-based representations in every ROI examined, with many close to a slope of 1 630 

(Figure 6C, left panel). In the Z centers of the model-based representations, we also found a 631 

significantly positive slope in all regions (Figure 6C, right panel). While the Z slope was highest 632 

in V3A and IPS0, statistical comparisons with other regions did not survive FDR correction (p < 633 

.05 uncorrected: IPS0 – V1 0.29 [0.06, 0.53], p = 0.014; IPS0 – V2 0.19 [0.02, 0.39], p = 0.022; 634 

V3A – V3 0.23 [0.02, 0.45], p = 0.028; IPS0 – V3 0.26 [0.08, 0.43], p = 0.010).  635 
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 636 

Figure 6. Quality of model-based representations assessed three ways. (A) Absolute error 637 

between the true stimulus position and the estimated position for both X (left) and Z (right). (B) 638 
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Best-fit amplitude of representations, averaged across position. In both A and B, open black 639 

circles and solid black lines indicate mean and 95% confidence intervals computed by 640 

bootstrapping. Individual participants are shown in colored circles. Asterisks in the rightmost 641 

panels indicate differences significant at the 0.05(*), 0.01(**), or 0.001(***) significance level. 642 

Note that no pairwise tests were performed for the left panels of A and B. (C) Bootstrapped 643 

distribution of linear regression slopes from data in Figure 5. This represents the inter-subject 644 

variability of the slopes. Crosses indicate differences significant at the 0.05 level before FDR 645 

correction. See Extended Data Figure 6-1 and Extended Data Figure 6-2 for plots of 646 

representation fit size and baseline. 647 

 648 

Discussion 649 

The goal of this study was to examine how retinotopic regions of visual cortex encode 650 

the position-in-depth of a viewed stimulus. We presented subjects with stereoscopic, spherical 651 

stimuli at evenly gridded locations along both a horizontal (X) axis and a depth (Z) axis that 652 

subtended a larger range of binocular disparities than sampled in most previous studies. We 653 

then used both decoding and encoding analysis approaches to assess how depth position is 654 

represented, using the horizontal positions as a reference point. Our decoding analyses 655 

revealed above chance decoding of Z position in all retinotopic regions we examined, including 656 

V1-4, V3A, V3B, IPS0, and LO1-2. However, Z decoding performance was highest in V3A, V3B 657 

and IPS0, in agreement with the results of past studies (Finlayson et al., 2017; Goncalves et al., 658 

2015).  We also confirmed and extended past findings that decoding performance increased as 659 

two stimuli grew farther apart in disparity (Figure 3; Preston et al., 2008). Most importantly, 660 
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using an inverted encoding model, we were able to generate model-based representations of 661 

stimulus position along both the horizontal and depth axes. In both dimensions, the centers of 662 

the representations tracked the centers of viewed stimuli with reasonable accuracy, though Z 663 

position representations were both less accurate and more variable than X position 664 

representations (Figures 4-6). Comparing the amplitude of representations between ROIs 665 

provided evidence that the robustness of depth representations is higher in V3A than in early 666 

visual areas V1-V4. Taken together, these results support a model of spatial processing in which 667 

information about stimulus depth position emerges most prominently at an intermediate stage 668 

of the visual hierarchy (Backus et al., 2001; Durand, Peeters, Norman, Todd, & Orban, 2009; 669 

Finlayson et al., 2017; Georgieva, Peeters, Kolster, Todd, & Orban, 2009; Goncalves et al., 2015; 670 

Li et al., 2017; Minini, Parker, & Bridge, 2010; Neri, 2004; Preston et al., 2008; Tsao et al., 2003; 671 

Welchman, 2016; Welchman, Deubelius, Conrad, Bülthoff, & Kourtzi, 2005). 672 

Though our SVM and IEM analyses both suggested a key role for V3A in processing 673 

depth, they yielded slightly different conclusions about the strength of depth representations in 674 

other regions. Our SVM analysis (Figure 2) indicated that V3B and IPS0 showed significantly 675 

higher discriminability of different depth positions than early visual areas, while the IEM 676 

analysis (Figure 6) showed that model-based representation fit amplitudes were not 677 

significantly different between V1-V4 and either V3B or IPS0, though they were significantly 678 

different between LO2 and early visual areas V2 and V3. At the same time, though there were 679 

no significant differences in representation error across ROIs, IPS0 showed one of the lowest 680 

values of error, numerically more similar to V3A than to V1-V4. One interpretation of these 681 

results is that IEM error and decoding performance both measure the discriminability of depth 682 
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representations, while representation amplitude measures the robustness, or signal-to-noise 683 

ratio, of depth representations. Based on this interpretation, the results may suggest that V3B 684 

and IPS0 represent depth with a high discriminability between different positions, while LO2 685 

may have less discriminable but more robust representations. In any case, these analyses all 686 

suggest that representations in V3A are both more discriminable and more robust than 687 

representations in early visual cortex.   688 

Though V3A was shown to represent depth the most strongly, both our decoding and 689 

encoding-model results show that the depth position of a stimulus is represented within a 690 

range of early (V1 – V3), intermediate ventral (V4, LO1/2), and intermediate dorsal regions 691 

(V3A/B, IPS0) of visual cortex. This finding of widespread depth selectivity is in line with 692 

previous evidence from primate electrophysiology (Anzai et al., 2011; Hinkle & Connor, 2001; 693 

Hubel et al., 2015; Poggio et al., 1988; Tanabe, 2004; Trotter et al., 2004; Van Dromme et al., 694 

2015), and univariate human fMRI analyses (Backus et al., 2001; Bridge & Parker, 2007; Durand 695 

et al., 2009; Georgieva et al., 2009; Goncalves et al., 2015; Ip et al., 2014; Li et al., 2017; Neri, 696 

2004; Welchman et al., 2005). Further supporting the role of early visual areas in processing 697 

depth, human fMRI work shows that retinotopic visual responses in V1 are modulated by the 698 

perceived depth of objects (Murray, Boyaci, & Kersten, 2006). However, we also note that past 699 

work suggests disparity signals in the earliest regions of cortex (V1, V2) do not exhibit selectivity 700 

for correlated over anticorrelated disparity, which is a common test for whether disparity 701 

selectivity corresponds to perceived depth (Backus et al., 2001; Bridge & Parker, 2007; 702 

Goncalves et al., 2015; Ip et al., 2014; Preston et al., 2008). Therefore, we do not make a strong 703 

claim that all the regions we analyzed are directly associated with the perception of depth, and 704 
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we interpret our results as confirming previous findings that selectivity for absolute binocular 705 

disparity is widespread in both dorsal and ventral visual areas.  706 

In our study, we chose to evenly space the stimuli in rendered physical space to enable a 707 

direct comparison between the X and Z IEM representations using identically structured 708 

encoding models and identically spaced stimuli. However, this necessarily meant that the 709 

stimuli were nonlinearly spaced by binocular disparity (Figure 1). We speculate that mapping 710 

the Z axis by evenly spacing the stimuli by binocular disparity might yield more accurate 711 

representations of stimuli in depth. This could more effectively exploit any underlying structure 712 

in binocular disparity selectivity across cortex (Goncalves et al., 2015), though this remains a 713 

question for further empirical research. 714 

An additional limitation of our design is that while we varied stimulus X position in 715 

addition to Z position, we only had enough data to perform the SVM and IEM analyses 716 

separately for each axis. This means that the depth decoding and encoding analyses would rely 717 

heavily on voxels whose depth selectivity profile was tolerant to changes in horizontal position. 718 

This type of tolerance has been shown to increase along the posterior-anterior axis of the brain 719 

(Finlayson et al., 2017), so this could have resulted in an appearance of better depth 720 

representations in intermediate regions than early regions. Building a joint encoding model for 721 

X and Z position, akin to a 2D encoding model for X and Y position (Ekman, Kok, & de Lange, 722 

2017; Sprague & Serences, 2013; Vo, Sprague, & Serences, 2017) would be one way for future 723 

studies to account for the interaction between X and Z position encoding. 724 

Finally, another limitation of the current study is that our stimulus presentation system 725 

did not allow for eye-tracking in the scanner. Though subjects performed a demanding task at 726 
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fixation, we cannot rule out the possibility of small changes in the vergence of the eyes toward 727 

the depth plane of the stimulus. One effect of these vergence movements would be to 728 

decrease the discriminability between depth positions, shifting representations of the furthest 729 

and nearest positions closer to the fixation plane. This may be one reason why our estimates of 730 

the slope between representation center and stimulus center in the Z dimension are shallower 731 

than in the X dimension (Figure 5, Figure 6). This is also consistent with our finding that 732 

representation error in the Z dimension was lowest at positions closest to the fixation plane 733 

(Extended Data Figure 6-2). 734 

Overall, these results provide evidence for tuned representations of disparity in multiple 735 

regions of retinotopic visual cortex, with strongest encoding in dorsal area V3A. Our decoding 736 

analysis demonstrated that the discriminability of stimuli scaled positively with disparity 737 

difference; this relationship was present widely throughout retinotopic cortex. In addition to 738 

confirming the findings of past work (Preston et al., 2008), we demonstrated that this scaling of 739 

decoding performance with disparity was present for extreme values of disparity up to +38 and 740 

-44 arcmin, as well as more moderate disparity values. Furthermore, our encoding model 741 

analysis allowed us to explicitly model a continuous depth axis. By constructing identical 742 

encoding models for both X and Z position, we were able to compare the accuracy and 743 

robustness of depth position and horizontal position encoding. Though depth position was 744 

represented with overall lower accuracy and higher variability than horizontal position, we 745 

demonstrated that this technique can be used to recover representations of positions in depth. 746 

Our method is further validated by the fact that it recovered a similar pattern of performance 747 

across ROIs as a well-established decoding method. In future work, this technique may be used 748 
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for other purposes such as characterizing the effects of spatial attention on 3D stimulus 749 

representations. 750 
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Extended Data 895 

 896 

Figure 1-1. Task performance was not significantly affected by disparity of the stimulus. Subjects 897 

performed a demanding contrast change-detection task at fixation throughout each imaging 898 

run, and performance did not change as a function of stimulus disparity. Black line shows mean 899 

+ SEM, colored lines show individual subjects.  900 
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Table 1-1. Actual values of position in OpenGL space, degrees visual angle, and disparity for 902 

each position in the stimulus grid. The X positions of the grid were flipped between even and odd 903 

runs to ensure even sampling of space (see Methods). 904 

 905 

Grid 1 (even runs)  Grid 2 (odd runs) 

Z position 
(OpenGL) 

Disparity 
(arcmin) 

X position 
(OpenGL) 

X position 
(Degrees)  

Z position 
(OpenGL) 

Disparity 
(arcmin) 

X position 
(OpenGL) 

X position 
(Degrees) 

-1.5 40.53 -1.63 -8.00 -1.5 42.79 -2.00 -9.78 
-1.5 37.30 -0.91 -4.45 -1.5 38.69 -1.27 -6.22 
-1.5 35.88 -0.18 -0.89 -1.5 36.35 -0.54 -2.67 
-1.5 36.35 0.54 2.67 -1.5 35.88 0.18 0.89 
-1.5 38.69 1.27 6.22 -1.5 37.30 0.91 4.45 
-1.5 42.79 2.00 9.78 -1.5 40.53 1.63 8.00 
-0.9 30.07 -1.90 -9.81 -0.9 27.67 -1.55 -8.02 
-0.9 25.72 -1.21 -6.24 -0.9 24.24 -0.86 -4.46 
-0.9 23.24 -0.52 -2.67 -0.9 22.74 -0.17 -0.89 
-0.9 22.74 0.17 0.89 -0.9 23.24 0.52 2.67 
-0.9 24.24 0.86 4.46 -0.9 25.72 1.21 6.24 
-0.9 27.67 1.55 8.02 -0.9 30.07 1.90 9.81 
-0.3 13.31 -1.47 -8.05 -0.3 15.86 -1.80 -9.84 
-0.3 9.66 -0.82 -4.47 -0.3 11.24 -1.14 -6.26 
-0.3 8.06 -0.16 -0.89 -0.3 8.60 -0.49 -2.68 
-0.3 8.60 0.49 2.68 -0.3 8.06 0.16 0.89 
-0.3 11.24 1.14 6.26 -0.3 9.66 0.82 4.47 
-0.3 15.86 1.80 9.84 -0.3 13.31 1.47 8.05 
0.3 -0.09 -1.70 -9.87 0.3 -2.81 -1.39 -8.08 
0.3 -5.03 -1.08 -6.28 0.3 -6.71 -0.77 -4.49 
0.3 -7.85 -0.46 -2.69 0.3 -8.42 -0.15 -0.90 
0.3 -8.42 0.15 0.90 0.3 -7.85 0.46 2.69 
0.3 -6.71 0.77 4.49 0.3 -5.03 1.08 6.28 
0.3 -2.81 1.39 8.08 0.3 -0.09 1.70 9.87 
0.9 -21.05 -1.31 -8.11  0.9 -18.13 -1.60 -9.91 
0.9 -25.24 -0.73 -4.50 0.9 -23.43 -1.02 -6.30 
0.9 -27.08 -0.15 -0.90 0.9 -26.46 -0.44 -2.70 
0.9 -26.46 0.44 2.70 0.9 -27.08 0.15 0.90 
0.9 -23.43 1.02 6.30 0.9 -25.24 0.73 4.50 
0.9 -18.13 1.60 9.91 0.9 -21.05 1.31 8.11 
1.5 -38.71 -1.50 -9.95 1.5 -41.86 -1.23 -8.14 
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1.5 -44.43 -0.95 -6.33 1.5 -46.38 -0.68 -4.52 
1.5 -47.70 -0.41 -2.71 1.5 -48.36 -0.14 -0.90 
1.5 -48.36 0.14 0.90 1.5 -47.70 0.41 2.71 
1.5 -46.38 0.68 4.52 1.5 -44.43 0.95 6.33 
1.5 -41.86 1.23 8.14 1.5 -38.71 1.50 9.95 

 906 
 907 

 908 

 909 

 910 

 911 
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 912

Figure 3-1. Dissimilarity between all pairs of Z positions. Color of each square indicates the 913

performance (d’) of a linear classifier trained to discriminate between the positions of interest.  914

Solid and open circles indicate above-chance decoding performance at the 0.01 and 0.05 915

significance levels, respectively. High values in the bottom row of each plot indicate that the 916

nearest Z position (-44.6 arcmin) was the most easily discriminated from other positions. 917

 918
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  919 

 920 

 921 

Figure 6-1. Additional parameters of best-fit curves for model-based representations of stimulus 922 

X and Z position. (A) Fit baseline. (B) Fit size. In all plots, mean and confidence intervals across 923 

participants shown in black solid lines, with 95% confidence intervals computed by 924 

bootstrapping. Individual participants are shown in colored circles. 925 
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 927 

Figure 6-2. Parameters of best-fit curves for model-based representations, plotted as a function 928 

of stimulus position along Z axis. Values are averaged across all brain regions. (A) Absolute 929 

value of fit center error. (B) Fit size. (C) Fit amplitude. (D) Fit baseline. In all plots, mean and 930 

confidence intervals across participants shown in black solid lines, with 95% confidence intervals 931 

computed by bootstrapping. Individual participants are shown in colored circles. Asterisks 932 

indicate differences significance at the 0.05 (*), 0.01 (**), or 0.001 (***) significance level. Note 933 

that no pairwise tests were performed for panels B and D, see Methods for details. 934 
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Extended Data 1. Analysis code can be accessed by downloading the zip file associated with this 935 

manuscript. See the README file in this folder for details.    936 

 937 


