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ARTICLE INFO ABSTRACT

Keywords: Despite hundreds of neuroimaging studies examining the neural correlates of 3D shape perception (as opposed to
fMRI 2D), there is no consensus because of the diversity of stimuli and depth cues used. We addressed this problem
3D shape

through an activation likelihood estimation (ALE) coordinate-based meta-analysis, pooling together studies that
examined the 3D vs 2D shape contrast across multiple depth cues used to render the 3D shapes. A systematic
review was performed using Medline, PsychInfo and Embase databases and yielded 25 empirical studies after
screening. Articles were split into cue types—disparity (11), motion (10), mental rotation (1), shading (2) and
texture (2). We performed three sets of ALE-based coordinate analysis—full-sample ALE analysis, sub-analyses
testing individual depth cues separately, and a contrast analysis between disparity-defined 3D shapes and
monocularly-defined 3D shapes. Results for the full-sample analysis showed that 3D shape perception is wide-
spread throughout the high-level visual cortex regardless of depth cue. Although cue-specific analyses were
underpowered, some trends were observed. Disparity-defined 3D shapes seem to engage higher-level dorsal
stream areas, including bilateral intraparietal sulcus (IPS). Motion-defined 3D shape recruited ventral stream
regions associated with object recognition processes. Monocularly-defined 3D shapes recruited ventral stream
areas, mainly the bilateral inferior lateral cortex and dorsal stream IPS for the right hemisphere. W et al.hen
contrasted with disparity, monocularly-defined 3D shapes recruited the left lateral occipital cortex. The results
suggest laterality in 3D versus 2D shape representations and that 3D shape representations occur in both ventral
and dorsal pathways regardless of the depth cues that define them.

Depth cue
Dorsal stream
Ventral stream
Meta-analysis

Key points

e fMRI meta-analysis of 3D shape perception when contrasted
with their 2D controls.

e High-level dorsal and ventral streams represent 3D shapes 1. Introduction
regardless of depth cue.

e Disparity-defined 3D shape representations are stronger in

bilateral dorsal stream whereas monocularly-defined 3D shape Real objects are processed differently than 2D images of those same

representations are stronger in left ventral stream, suggesting objects (Chainay et al., 2010; Snow et al., 2011) meaning that 3-dimen-

that segregation and lateralization of reliable activation is sionality is a relevant feature of object recognition, but neuroimaging
dependent on depth cue. studies of object recognition have largely used 2D images or 2D shapes
(Andresen et al., 2009; Bernstein et al., 2014; Bracci and Op de Beeck,
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2016; Bracci et al., 2019; Konkle and Oliva, 2012; Mocz et al., 2023).
Object recognition theories and models (Biilthoff and Edelman, 1992;
Peissig and Tarr, 2006; Poggio and Riesenhuber, 1999; Riesenhuber and
Poggio, 2000) have historically been focused on the hierarchical
encoding of 2D features, leading to 2D shape recognition by using
2D—or edge-defined—features of object images (Bracci and Op de
Beeck, 2016; Long et al., 2018; Ullman et al., 2016).

Three-dimensional features of objects are explicitly encoded in the
primate brain, specifically in ventral stream areas traditionally associ-
ated with the processing of 2D features or simple shapes. Encoding of 3-
dimensional oriented slants are separable from encoding 2-D edges or
curvatures in the macaque V4 (Hinkle and Connor, 2002). Macaque V4
is also organized in subclusters of neurons that respond preferentially
either to solid 3D shapes or to 2D patterns (Srinath et al., 2021). This
segregation was observed by using 2-photon microscopy in V4 neurons
while showing flat (i.e. shadow outline) versus solid shapes (i.e. shaded
shape). Srinath et al. (2021) suggest that these clusters might serve
different functions, such as extracting 3D surfaces of objects or 2D pat-
terns that aid in overall recognition. Medial axis structure—or the core
‘skeleton’—of objects is specifically encoded in the inferotemporal (IT)
cortex of monkeys and, in humans, represented in V3 and lateral oc-
cipital complex (LOC; Lescroart and Biederman, 2013). In humans,
scene-selective regions, such as the parahipoccampal place area and
occipital place area also represent 3D structure of scenes (Lescroart and
Gallant, 2019), although it is unclear whether this information is
extracted with the purpose of 3D object perception or for facilitating
interactions with the environment. Therefore, despite the success of 2D
edge-based hierarchical models of ventral pathway processing of ob-
jects, there is extensive evidence that 3D information is an integral part
of object representation.

In contrast to the central role assigned to ventral stream processing of
objects, the dorsal stream’s role in object recognition has been tradi-
tionally downsized, stemming from early lesion studies in the macaque
(Mishkin et al., 1983) that were later replicated in humans (Goodale and
Milner, 1992; Milner et al., 1991; Sereno et al., 2002). These studies
showed a double dissociation between object discrimination (i.e., object
recognition) and landmark detection (i.e., relationship between objects
in a viewed scene) depending on the site of the lesion—ventral stream
lesions in IT cortex affected object discrimination while dorsal stream
inferior parietal cortex lesions affected landmark discrimination
(Goodale et al., 1992; Milner et al., 1991; Mishkin et al., 1983; Sereno
et al.,, 2002). Since then, the functional dichotomy of “what” and
“where” has largely been attributed to the ventral and dorsal streams,
respectively.

However, 3D depth information of objects is extensively processed in
the dorsal stream. Studies by Dovencioglu et al. (2013) and Murphy
et al. (2013) suggest that integration of disparity with both shading and
texture cues occur in the kinetic occipital/V3B—assigned to the dorsal
stream—for simple 3D surfaces. In a ventral stream lesion study, Freud
et al. (2017) showed that visual object agnosia patients had residual
sensitivity for 3D structural information of abstract objects and that 3D
object representations were generated in the dorsal stream as measured
by fMRI, even though the ventral stream representations were largely
compromised. Jeong and Xu (2016) showed that the human intra-
parietal sulcus (IPS) represents face identity of celebrities regardless of
extensive image transformations.

While inferring 3D representations from 2D images (e.g., photo-
graphs, line drawings, etc.) can be ambiguous, the same cannot be said
for representations inferred from individual depth cues. For example,
stimuli rendered solely by texture gradients, disparity gradients, or ve-
locity gradients (i.e., 3D structure-from-motion; SFM) do not have any
useful edge information and highly capable 2D neural network models
may not even detect an object from such cues, while humans not only
can see them (Akhavein et al., 2018; Dehmoobadsharifabadi and Far-
ivar, 2016; Farivar, 2009) but also carry out complex tasks, such as
unfamiliar face recognition from pure gradient cues (Farivar et al., 2009;
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Liu et al., 2005). This can be easily appreciated with texture-defined 3D
stimuli, because the edges of the texture can vary depending on the
texture, but the gradient of the texture is the defining feature of the
underlying 3D surface (see Fig. 1). Thus, objects defined by depth cues
provide a unique probe of actual 3D representations, but as we see
below, due to the diversity of stimuli, tasks, and depth cues, it has been
difficult to define the cortical networks that contribute to processing of
3D object information.

Individual studies that assess the role of 3D shape processing as
opposed to 2D shape are in general underpowered—each study
recruited on average only 16 participants—and they not only vary by the
type of depth cue used to render the 3D representations, but also in the
types of stimuli and tasks performed. When in the scanner, participants
can be asked to simply look at objects (Gillebert et al., 2015), perform an
n-back task (Cavina-Pratesi et al., 2010), acuity judgements (Georgieva
et al.,, 2009) and more. Also, some studies involved a psychophysical
component which may have been related to stimulus learning
(Georgieva et al., 2009; Georgieva et al., 2008; Gillebert et al., 2015)
while others do not (Akhavein, 2017). It is worth noting that in the
above-cited studies, the complexity of the stimuli used vary from simple
shapes to complex objects including unfamiliar faces.

By pooling together—in a meta-analysis—studies that tested 3D
shape representations over 2D ones regardless of their depth cue, stimuli
or task, we can answer fundamental questions on the organization of 3D
visual object recognition. Specifically, we ought to test (1) the ventral
stream’s role in object representation from 3D depth cues and (2) the
dorsal stream’s role in depth cue processing, integration, and complex
shape representations.

1.1. Definitions

In the present study we consider “3D shapes” as ranging from simple
to complex 3D objects, that can be either familiar or unfamiliar and by
“2D shape” their 2D controls which are either 2D shapes or their depth
cue-specific controls. We also use the terms binocularly-defined 3D
shapes and disparity-defines 3D shapes interchangeably.

1.2. Aims

The present study aimed to first identify brain regions that are reli-
ably engaged in 3D shape perception, regardless of depth cue, when
contrasted with 2D shapes. Here, studies using a diversity of depth
cues—such as gradients of shading, texture, binocular disparity, and
motion velocity—to define the 3D shape percept have been selected. By
selecting studies that contain high variability in lower-level features—i.
e., the distinct depth cues—we can capture brain regions that reliably
represent 3D shape as opposed to sensitivity to specific depth cues. In
other words, given the heterogeneity of the studies (e.g., distinct depth
cues, stimuli), brain areas that “survive” are therefore representing 3D
structures or surfaces of objects when contrasted to their 2D shape
controls. Using coordinate-based activation likelihood estimation (ALE)
with the generalized 3D > 2D contrasts, we identified brain regions that
were reliably implicated in 3D shape perception as opposed to 2D shape
perception, and we were able to identify regions that converge in rep-
resenting 3D shape regardless of depth cue. In this sense, we aimed to
assess commonalities, or large-scale regions or networks that are overall
representing 3D structures of objects when contrasted to their 2D
counterparts, not differentiating the intricacies or specific depth cue
processing or discriminating between them.

Second, because of the intrinsic variability of the contrasts chosen,
we performed ALE-based sub-analyses for each type of depth cue. This
was performed to distinguish between 3D shape-related activations that
were specific to a unique depth cue and those that were cue-invariant.
We wanted to disentangle depth cue information from that of 3D shape.

Lastly, evidence shows that binocular disparity is processed in
widespread ventral and dorsal visual cortices (Abed Rabbo, Koch,
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Fig. 1. A teapot defined by two distinct texture gradient cues.

Lefevre and Seizeur, 2018; Tsao et al., 2003; Verhoef et al., 2016). To
address which regions were reliably representing 3D shape information
independently of 3D binocular disparity processing, we performed a
third set of analyses, which contrasted monocularly-defined 3D shape
percepts with disparity-defined 3D shape percepts (monocularly-defined
3D shapes > disparity-defined 3D shapes contrast). This contrast should
instantiate regions that are fundamentally processing 3D structures or
representing 3D shape information, and not only processing 3D or
binocular vision. The complementary contrast—disparity-defined 3D
shapes > monocularly-defined 3D shapes was also computed, for iden-
tification of regions that show stronger activation for disparity when the
3D shape information aspect is taken away from the equation.

2. Materials and methods
2.1. Literature search and study selection

We performed a systematic literature search with the aid of the
Neuroscience Head Librarian (McGill University). The first step was
setting up the research question in a way that pinpointed the main
concepts for the search. This led to the extraction of four main concepts,
here shown in bold, that were retrieved from the question: “What are the
neural correlates of 3D shape perception as opposed to 2D shapes, as
defined by distinct depth cues in humans?”. We used Ovid to search
Medline, PsychINFO, and Embase databases and all retrieved articles,
published until 14th of September (2021), were included in this meta-
analysis. The search terms included both indexed search terms—which
are unique for each database—and keywords—which were searched

Table 1
Terms used for the systematic database search.

equally in all three databases, in the titles, abstracts and author-
provided keywords domains. Table 1 provides detailed information on
which keywords and specialized indexed search terms were used for the
search. The indexed search terms were identified from a pre-identified
set of articles (i.e., articles we were aware of and that we expected to
find in the search; Fig. 2).

The search yielded 2807 articles, totalling 2391 after deduplication
(Fig. 2). Deduping was performed in EndNote following the guidelines
from Bramer et al. (2016). Studies were imported to Rayyan for title and
abstract screening (https://www.rayyan.ai/, a free online tool for
collaborative systematic review screening). Studies were included in the
meta-analysis if they met the following criteria.

1. They employed fMRI or PET.

2. Were empirical articles (i.e., not reviews, theses, or meeting
abstracts)

3. Tested 3D shape perception as contrasted with 2D shape perception
in their reported group main effects. Here, “3D shape perception”
entails simple and complex objects from which a 3D structure could
be perceived because of the depth cue that rendered them (e.g.,
motion that constructs a 3-Dimensional percept). 2D shapes were
matched controls in which the percept was a 2-Dimensional object in
nature. For example, if a study contrasted structure-from-motion
stimuli with static points, this contrast was not included as it
would have needed to be contrasted with motion stimuli that
revealed a 2D shape percept instead.

4. Used at least one type of depth cue to define the 3D shape percepts.

5. Used whole-brain coverage during fMRI or PET scan acquisitions.

Headings/Subheadings Search Tags

Keywords*

MEDLINE

Embase PsychINFO

Concept 1: fMRI/ (fMRI or ’functional magnetic resonance imaging’ or
PET *brain imaging’ or PET or ’positron emission

tomography’).mp.

(*3D shape*’ OR ’3-D shape*’ OR ’dimensional shape*’

OR ’2D shape*’ OR ’2-D shape*’ OR surface* OR object

recognition’ OR ’object identi*’).mp.

Concept 2: 3D
shape/structure
recognition

Concept 3: depth (’depth cue*’ OR ’depth-cue*’ OR shading* OR texture*
cues OR ’binocular vision” OR ’binocular disparit*> OR
stereo* OR 'random dot stereogram’ OR SFM OR

exp Magnetic Resonance
Imaging/

exp Depth Perception/or exp
Form Perception/

exp Cues/OR exp Vision,
Binocular/OR exp Vision,
Monocular/OR exp Vision

exp Functional Magnetic
Resonance Imaging/

exp functional magnetic
resonance imaging/

exp “Form and Shape
Perception"/or exp object
recognition/or exp depth
perception/

exp Cues/or exp Binocular
Vision/or exp Stereoscopic
Vision/or exp Monocular

exp Depth Perception/

exp binocular vision/or exp
stereoscopic vision/or exp
monocular vision/

*structure-from-motion’ OR ’structure from motion’). Disparity/ Vision/
mp.
Concept 4: human human*.mp. exp Humans/ exp human/ n/a

Table Note: The same keywords were searched in all databases, in titles, abstracts and author-provided keywords. Indexed search terms are specific for each database

and are reported under their respective column in the table.
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Records identified through database
searching and prior records
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Records after duplicates removed
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Screening

Records screened
(n=2391)

Records excluded after abstract
|___——» screening (e.g., irrelevant theme)
(n=2274)

Full-text articles excluded,

> A 4

5 Full-text articles assessed

= for eligibilit

= or eligibility
(n=117)

according to excluding criteria:

ROI-based analyses, no whole-
brain acquisition, no coordinates
reported, no relevant contrasts,

patients-only studies,
inactivations as opposed to

Studies included in
quantitative synthesis
(meta-analysis)
(n=25)

Included

activations, surface-based studies
(no MNI or Talairach coordinates)
(n=92)

Fig. 2. Flowchart describing article selection, exclusion criteria and screening process, according to PRISMA guidelines (Moher et al., 2009, www.prisma-statement

.org).

6. Performed whole-brain analyses (i.e., to avoid overestimation and
bias of activation of a few areas over others, so papers that performed
only ROI-based analyses or partial volume acquisition were
excluded).

7. Reported either Montreal Neurologic Institute (MNI) or Talairach
coordinates for peak activity.

8. Showed only activation—i.e. not deactivation—for 3D shape
perception when contrasted to 2D shapes.

9. Studied healthy human subjects (i.e., had at least a healthy control
group).

Twenty-five (25) studies met the above-mentioned inclusion and
exclusion criteria and were separated by depth cue type in Table 1. One
‘mental rotation’ study was also included. Although the ‘mental rota-
tion” condition is not a depth cue per se, rotating an object in depth
versus in 2D-position requires mentally representing a shape in its 3D
form in comparison to its 2D form. It should be noted that one study
contained separate contrasts for shading-defined 3D shape and texture-
defined 3D shape (Georgieva et al., 2008). Analyses were performed
using either both or excluding one or the other, but no differences were
found in the cluster detection. Therefore, the two contrasts were ana-
lysed concomitantly despite not being independent. A flow chart illus-
trating the selection and screening process can be viewed in Fig. 2.
Best-practice guidelines were used to perform this meta-analysis, as
recommended by Miiller et al. (2018).

2.2. Activation likelihood estimation (ALE) meta-analysis method

The activation likelihood estimation (ALE) method, when combined
with a thorough systematic review procedure, is a powerful tool to
quantitatively assess the overlap between foci activation across studies
(Eickhoff et al., 2012; Eickhoff et al., 2009, 2016). ALE is based on
modeling foci as probability distributions centered at the specified co-
ordinates that were reported in a standard space (i.e. Talairach or MNI)
by individual studies. The number of subjects from each study weights
the foci and the probability of activation is calculated based on both
individual voxel statistical significance and a minimum cluster size
threshold. With the goal of removing task-specificity from the results,
only clusters of activation that are common across studies are reported.
Depending on the dataset, ALE has either an equivalent or superior
performance when compared to other coordinate-based meta-analytical
methods (Tench et al., 2020) and image-based meta-analysis methods
(Salimi-Khorshidi, Smith, Keltner, Wager and Nichols, 2009a). ALE has
the advantage of having freely available software and we can include
more studies since not many studies share their full statistic images,
which is required for image-based meta-analysis methods
(Salimi-Khorshidi, Smith, Keltner, Wager and Nichols, 2009b).

2.3. ALE based on reported coordinates of 3D versus 2D contrasts

Our coordinate-based meta-analysis of fMRI/PET studies of 3D shape
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perception as compared to 2D shape perception was performed using the Table 2
latest version of the GingerALE software (version 3.0.2, accessible from Included studies.
https://www.brainmap.org/ale/and reported by Eickhoff et al., 2009). Authors Year n  Foci  Contrast Coordinate  PET/
For studies reporting their peaks in Talairach coordinates, the coordi- Space fMRI
nate values were converted to MNI152 using the software’s “Talairach Motion
(SPM) to MNI (Lancaster transformation)” transformation (Eickhoff
. . . Schindler and 2016 15 3 motion parallax MNI fMRI
et al., 2009) and saved to a target volume with a 2 mm isotropic voxel o .
X Bartels > 2D motion
resolution. For each such volume (one per study), we then generated a Saygin et al., 2004 12 6 biological Talairach fMRI
dilated map of the significantly reported voxel coordinates, whereby motion >
each significant peak voxel was dilated (i.e., padded with 2 mm isotropic scrambled bio
voxels). monor}
. . Yamamoto 2008 13 13 SKE stimulus > MNI fMRI
Generally, ALE assesses the overlap between foci across studies by et al. 2D motion
modelling them as Gaussian probability distributions centered at the Iwaki et al., 2013 7 3 3D structure- MNI fMRI
peak activation coordinates (Eickhoff et al., 2012). The width of the from-motion
probability distribution depends on sample size of each study, and the (SFM) >
. . . . . . scrambled
larger the sample the more reliable the estimation is of true activation. motion
The maps of each study are then pooled together to identify areas of Pparadis and 2000 9 4 3D SFM > Talairach fMRI
reliable foci convergence across studies. This convergence is then tested Droulez ¥ scrambled
using permutation tests to ensure that the spatial convergence of foci N motion
across studies reflects an estimation of true activation and was not found »Orban et al., 1999 20 8 3D SFM > 2D MNI* MRI
by chance (Eickhoff et al., 2009, 2012). Th ion of the soft popon
y chance (Eickhoff et al., > - 111€ newer version ot the soit- Jastorff and 2009 20 6 biological MNI fMRI
ware also restricts the meta-analytical space to the gray matter only Orban N motion >
(Eickhoff et al., 2012) and performs random-effects analyses instead of scrambled bio
fixed-effects analyses, by making between-experiments inferences ! w12 8 2 glgts‘;;[ . Talaisach R
. . . - F an et al., i
instead of between-foci (Fickhoff et al., 2012). reemaneta motion > dlatrac
For all the single dataset ALE analyses conducted in this study—full- peuskensetal, 2004 15 5 3D SEM > 2D MNI fMRI
sample and depth cue-specific analyses—cluster level threshold was set texture
to p < 0.001 (family-wise error corrected at p < 0.05) and using 5000 Hayashietal, ~ 2007 10 4  motion parallax  MNI fMRI
permutations. For the contrast analyses, the thresholds used were 200 Di >,;D motion
mm? as minimum cluster volume, multiple comparisons correction at p P
Faillenot et al., 1999 7 3 3D shape-from- Talairach PET

< 0.05 and 10000 permutations and a smoothing of 3 mm FWHM was o sha
disparity (SFD)

applied. X X > 2D outlines
In total, we conducted three sets of meta-analyses using GingerALE. Nishida etal, 2001 10 10 3D SED > 2D MNI** EMRI
The first was the main analysis of 3D shape perception when contrasted outlines
with 2D shape perception, regardless of depth cue. This first analysis Chen et al, 2015 40 14 3DSFD>2D MNI fMRI
included the full sample, with all the depth cues combined. The second N outlines
. . . Ogawa et al., 2013 16 16 3D movie > 2D MNI fMRI
set of meta-analyses consisted of five (5) sub-analyses, for the motion, movie
disparity, texture, and shading depth cues individually. Detailed infor- Uji et al., 2019 7 1 3D images > 2D MNI fMRI
mation on the number of studies, participants, and foci for each depth images
cue type can be retrieved from Table 2. The third subset of analysis using Gaebleretal, 2014 26 12  3Dmovie>2D  MNI MRI
. . . . . movie
GingerALE allmed to investigate whether differences foun.d across del?th Baecke et al., 2009 26 2 3D SFD 4 2D Talairach VRI
cues were driven by the nature of the depth cue that defined it—which outline > 2D
was either binocular (i.e., disparity) or monocular—or by the actual outlines
shape information. Hence, we performed contrast analyses between Georgievsl 2009 22 22 3D SFD > 2D MNI fMRI
disparity-defined 3D shapes > monocularly-defined 3D shapes (motion, etal, outlines )
. Fortin et al., 2002 15 5 3D SFD > 2D Talairach PET
texture, and shading pooled together) and the reverse monocularly- outlines
defined 3D shapes > disparity-defined 3D shapes. The results were Z- Durandetal,¥ 2009 20 6 3D SFD > 2D MNI fMRI
score maps of the two contrasts. outline + 3D
position
L . Naganuma 2005 10 18 3D orientati MNI fMRI
2.4. Visualization and labelling software aganund - orlentation
etal., discrimination
> 2D shape
Significant clusters were visualized and labelled using the MNI152 discrimination
template in FSLeyes (version 0.34.2). Labelling was performed using the Shading
Harvard-Oxford structural atlas available from FSL (see https://fsl.fmrib Georgieva 2008 18 10 3D structure- MNI fMRI
.ox.ac.uk/fsl/fslwiki/Atlases), combined with Wang et al. (2015)’s etal,*N from-shading >
probabilistic atlas of the visual system. Connectome Workbench 1.5.0 2D shading
) ) . patterns
software (l\/lar'cus etal., 20.1 1) was used to gener.ate the figures, using the Denysetal,d 2004 17 2 3D structure- MNI MRI
MSMAIIL. 32k inflated cortical surface, along with Wang et al. (2015)’s from-shading >
visual cortex parcellation atlas, provided by Benson et al. (2018) 2D outlines
(https://balsa.wustl.edu/study/show/9Zkk). Texture
Cavina-Pratesi 2010 8 2 3D structure- Talairach fMRI
2.5. Neurosynth decoder function for reverse inference etal, ™ from-texture
(SFT) change >
2D shape &

After generation of the ALE-maps for the main full-sample meta-
analysis derived from the 3D shape > 2D shape contrasts, the unthre-
sholded ALE-map was uploaded to NeuroVault. NeuroVault is an online

color change

(continued on next page)
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Table 2 (continued)

Authors Year n Foci  Contrast Coordinate PET/
Space fMRI
Georgieva 2008 18 10 3D SET > 2D MNI fMRI
etal., *N texture patterns
Mental rotation
Suchan et al., 2006 11 3 3D shape mental  Talairach fMRI

rotation > 2D
shape mental
rotation

Table Note: Marked with * is a paper that reported contrasts for both shading
and texture independently. Marked with ** are articles that reported Talairach,
but further investigation evidenced MNI space. Marked with N are articles that
were also included in the Neurosynth database.

open-source repository for neuroimaging studies and our results can be
accessed using the link https://neurovault.org/collections/15515/.
Once the data were archived in NeuroVault, we used Neurosynth’s
decoder function to carry out a reverse inference assessment of the
cognitive, perceptual, and methodological processes most associated
with the ALE map. Neurosynth (https://neurosynth.org/) is an auto-
mated meta-analytical platform that contains more than 500000 acti-
vations, reported in over 14000 neuroimaging studies that were made
available through the NeuroVault repository. Neurosynth’s decoder
function was used to identify keywords associated with our ALE map. In
total, 1307 terms with their correlation coefficients were extracted. We
selected the top 50 terms by rank of correlation, after exclusion of all
anatomical label terms to create a word cloud for visualization. The
word cloud was created using the wordcloud function from Matlab
(R2021a).

The main full-sample ALE analysis generates significant clusters of
activation implicated in the 3D > 2D shape contrasts. Using Matlab’s
NIfTI toolbox, we treated these distinct clusters as a mask/ROI, and the
ROIs were separately uploaded in NeuroVault. The Neurosynth decoder
was used to estimate which ROIs were mostly associated with the terms
captured in the main unthresholded ALE-map. Wordcloud terms for each
cluster were thresholded at 0.1 correlation values.
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3. Results
3.1. Meta-analysis on the full sample of the general 3D > 2D contrasts

An ALE meta-analysis was performed to identify reliable areas of
brain activity involved in representing 3D shape information over 2D
shape information regardless of depth cue. The 25 studies (Table 2) that
meet inclusion and exclusion criteria during screening were analysed.
The full sample comprised 25 articles, 26 contrasts, 390 participants,
and 175 foci. In total, seven (7) clusters of reliable activity were detected
(Table 3). Despite applying all exclusion criteria, studies were excluded
only for reasons 2, 3, 4, 5, and 6 (see literature search and study selection
section).

Those clusters included bilateral activity in diffuse higher-level vi-
sual cortex, with a more pronounced association in the right hemisphere
Fig. 3a, clusters 1 and 2). Cluster 1 encompassed right hemisphere re-
gions in the superior lateral occipital cortex, extending from the lateral
occipital complex (LO1 and LO2) to V3b, V3a, TO1/hMT and the entire
intraparietal sulcus (IPS0-4; Table 3). Cluster 2 extended from the
inferior portion of the right lateral occipital cortex to the right inferior
temporal gyrus.

Clusters 3-7 were all left hemisphere regions, including TO1/hMT,
LO1, LO2, V3b and the intraparietal sulcus (IPSO-5). As in the right
hemisphere, those clusters together extended from the left inferior
temporal gyrus to the lateral occipital cortex and finally terminating in
the parietal lobule (Fig. 3a).

Table 3 details the brain regions associated with each cluster, their
average peak coordinates (MNI152 template), maximum ALE value,
cluster size in volume, and the number of studies and foci that overall
contributed to each cluster. In the right side of Table 3, we specified the
contributions of each depth cue type for each cluster. This was computed
by calculating the number of foci from each depth cue and dividing it by
the total number of foci for that cluster (Table 3, converted to %; where
D = disparity, M = motion, T = texture, S = shading and MR = mental
rotation). From Tables 3 and it should be noted that bilateral inferior
lateral occipital cortices and inferior temporal gyrus seem to receive
contributions from all depth cues (except mental rotation), although the
pooled studies sampled are heavily biased towards studies using
disparity-defined 3D shapes.

Disparity studies showed substantial variability in stimulus type,

Table 3
Full sample ALE meta-analysis results.
Cluster # of Brain area(s) Hemi X y Z ALE Volume N D % M % T % S % MR
# peaks max. (mm3) studies %
(foci)

1 9 Superior lateral occipital R 33.1 —-71.4 27.2 0.0308 11816 16(43) 55.8 % 27.9% 16.3 % - -
cortex, extending to superior
parietal lobule (TO1, LO1-2,
V3b, V3a, IPS0-5, SPL1)

2 2 Inferior lateral occipital R —-37.1 -76.3 9.8 0.022 3848 10(14) 42.9 % 35.7 % 7.1 % 7.1 % -
cortex, extending to inferior
temporal gyrus,
temporooccipital part

3 3 Inferior lateral occipital L —32.7 —49.7 627 0.0188 2376 8(9) 333% 444% 111% 11.1%
cortex extending to inferior
temporal gyrus,
temporooccipital part

4 3 Superior lateral occipital L -224 -61.7 58 0.0198 2048 7(9) 889% - 111% - -
cortex (IPS0-1)

5 1 Superior parietal lobule L —-32.7 —49.7 62.7 0.0241 1712 6(7) 71.4 % 28.6 % - - -

6 2 Superior parietal lobule L -224 -61.8 579 0.025 1608 6(7) 429% 429% 143% - -
(IPS2)

7 1 Inferior lateral occipital L —-36.5 —85.6 9.4 0.0143 952 3(6) 33.3% 33.3% 33.3% - -

cortex (TO1, LO1-2, V3b)

Table Note: Each of the seven clusters have detailed brain region labels, hemisphere (Hemi), MNI152 coordinates, ALE maxima, cluster volume in mm?, and number of
studies and foci that contributed to each cluster (IPS = intraparietal sulcus; TO1/hMT = human middle temporal visual area; V3 = third visual complex; LO = lateral
occipital complex). D = disparity; M = motion; T = texture; S = shading; MR = mental rotation.
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particularly between naturalistic 3D movies (e.g., Gaebler et al., 2014;
Ogawa et al., 2013) and more controlled disparity-based stimuli. We
examined the contribution of these naturalistic studies to both the
full-sample and disparity-specific ALE analyses (see section below). In
the full-sample analysis, Ogawa et al. (2013) contributed to clusters 1
and 3, and Gaebler et al. (2014) to cluster 2. Specifically, Ogawa
contributed 2 foci out of 43 foci in cluster 1 (16 studies total), suggesting
negligible influence. In cluster 3, Ogawa et al. (2013) contributed to and
1 out of 9 foci, which is more substantial. In cluster 2, Gaebler
contributed 3 foci out of 14, also more substantial. However, smaller
clusters (e.g., clusters 6-7) were formed with only 6-7 foci overall.
Taken together, these results indicate that even if naturalistic 3D movie
studies were excluded, the key clusters would remain present, though
with potentially reduced ALE values.

3.1.1. Terms associated with ALE-map activations for the general 3D > 2D
contrasts

The 50 highest correlation terms used to generate the word cloud,
excluding brain region-related terms, can be visualized in Fig. 3b. As
expected, it included conceptual terms such as ‘motion’ and ‘objects’,

which relate to processing of motion depth cue and object recognition
processes. The highest and lowest correlations observed were r = 0.548
and r = 0.135 for the terms “visual” and “orienting”, respectively.

In the Neurosynth decoder analysis performed on separate clusters,
the cut-off was set at r = 0.1, with the highest r from each cluster (from 1
to 7) as being 0.210, 0.262, 0.231, 0.195, 0.244, 0.212 and 0.234,
respectively (Fig. 4).

3.2. Sub-analyses

3.2.1. Meta-analysis on separate depth cues

An ALE sub-analysis was performed to identify reliable areas of brain
activity involved in representing 3D shape information over 2D shape
information for each individual depth cue. This was performed to assess
whether the depth cues were differentially impacting the general full-
sample ALE analysis. The original 25 studies were subdivided by
depth cue—disparity, motion, mental rotation, texture, and shading. In
total, 10 studies were found for motion, 11 for disparity, 2 for both
texture and 2 shading (Table 2). One study presented independent
contrasts for shading and texture (Georgieva et al., 2008), and was
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reported separately with an asterisk (*).

Motion depth cue studies showed three (3) clusters of reliable ac-
tivity in the right superior lateral occipital cortex, extending from areas
TO1 to LO1, LO2 and V3b (Fig. 5a). Also, for motion, clusters of reliable
activation were found bilaterally in the occipital fusiform gyri. The sub-
analysis for disparity depth cue revealed four clusters of reliable acti-
vation. Clusters 1 and 2 were anatomically located in the right superior
lateral occipital cortex, from LO1 to V3b, V3a and IPSO (cluster 2) and
extending through the intraparietal sulcus (Fig. 5b; IPS1-5, cluster 1).
This activation pattern was seen to a lesser extent in the left hemisphere
as well in clusters 3 and 4 (Fig. 5). Ogawa et al. (2013) was the only
naturalistic study that contributed to the disparity cue-specific analysis.
It contributed to 1 activation to each of the two main disparity clusters
(1 out of 11 and 1 out of 12 foci, respectively). There were too few
studies for texture and shading depth cues alone, and since they were
underpowered, no significant clusters were found. Table 4 details the
brain regions involved in motion and disparity separately, average peak
coordinates, maximum ALE value, cluster volume and number of studies
and foci that contributed to each cluster.

3.2.2. Meta-analytic contrast on binocularly-vs. monocularly-driven depth
cues

Monocularly-defined 3D shapes (Fig. 6) reliably recruited areas in
the bilateral lateral occipital cortex—ranging from hMT to lateral oc-
cipital complex and IPS for the right hemisphere (not shown but see
Table 4). To test whether the differences in areas of convergence
observed across the depth cues were driven by binocularly-defined 3D
shapes instead of 3D shape perception—i.e., lower-level stereoscopic
feature processing versus shape content or object information proc-
essing—we performed a sub-analysis contrasting binocularly-defined 3D
shapes with monocularly-defined 3D shapes. Results show that dorsal
stream areas, ranging from bilateral IPSO-1 and superior parietal lobules
and right IPS2-5 were significantly more implicated by binocularly-
defined 3D shapes when contrasted to monocularly-defined 3D shapes
(Fig. 6a). In addition, the monocularly-defined 3D shapes condition

showed significant spatial convergence in the left lateral occipital cortex
(Fig. 6b). The conjunction analyses (binocularly-defined 3D shapes N
monocularly-defined 3D shapes) showed spatial convergence in the
anterior portion of the right superior lateral occipital cortex, from V3b to
IPS0-4 Fig. 6¢).

4. Discussion

The main ALE meta-analysis of neuroimaging studies shows that 3D-
shape information is represented throughout the high-level visual cor-
tex, in both ventral and dorsal pathways when all depth cues are jointly
considered. Although the sub-analyses were underpowered, we found
trends suggesting depth-cue specificities in 3D-shape proc-
essing—particularly that of motion-defined 3D-shapes are more domi-
nantly represented in the right dorsal and ventral streams, whereas
disparity-defined 3D-shapes predominantly recruit higher-level areas
in the bilateral dorsal stream. The second set of sub-analyses that con-
trasted binocularly-driven with monocularly-driven 3D shapes showed
that bilateral dorsal stream is more strongly recruited for disparity-
defined 3D shapes whereas left ventral stream is more strongly
recruited by monocularly-defined 3D shapes. Lastly, based on the
conjunction analysis, we found that the right ventral and dorsal streams
together represent monocular and binocularly-driven 3D shape infor-
mation. Together, these findings imply that (1) integration between the
two streams is likely to be subserving 3D shape processing; (2) there may
be segregation in the cortical substrates of 3D shape processing
depending on the depth cue used to represent the objects; and (3) 3D
shape processing may be lateralized depending on binocularity.

There is accumulating evidence that object-related information is
also encoded in the dorsal stream and that the two streams may be in-
tegrated especially in the context of object perception from 3D depth
cues. The two streams possess extensive anatomical connections
(Takemura et al., 2015) and the dorsal stream jointly represents struc-
tural information of complex objects (Freud et al., 2017; Freud et al.,
2018; Jeong and Xu, 2016). Although in the present meta-analysis we



L.P. Volpi et al.

>
-
=

T

(o)
s

()
o

Neuropsychologia 221 (2026) 109329

9.933e-3

ALE value

Fig. 5. ALE map reporting clusters of reliable activation for motion-defined 3D shapes (A) and disparity-defined 3D shapes (B). Clusters are numbered by size in the
figure (IPS = intraparietal sulcus; TO1/hMT = human middle temporal visual area; V3 = third visual complex; LO = lateral occipital complex). More details

in Table 4.

did not directly address integration or functional connectivity across
visual areas underlying 3D shape perception, the reliable widespread
activation networks observed indicate that the two streams are jointly
involved in processing 3D information of shapes. The combined efforts
of these studies, together with the first major claim from our
meta-analytic results, suggest that dorsal and ventral integration is
needed for 3D object recognition (for reviews, see Farivar, 2009; Freud
et al., 2016, 2020).

ALE values for the main analysis (Fig. 3) are higher in dorsal stream
regions (IPS) when compared to the ventral stream regions (LOC). This
reiterates the dorsal stream’s role in processing 3D shapes defined by
depth cues when contrasted to their 2D counterparts. In fact, it could
implicate other known functionalities of the dorsal stream, such as
processing 3D structure to enable object grasping and manipulation
(Janssen and Scherberger, 2015) and even the fact that 3D shapes
contain more attention-grabbing information, which is a facet of
attention-related functionalities of the parietal cortex (for a review, see
Behrmann et al., 2004). However, because of the heterogeneity of the
stimuli comprised in the current analyses, we can argue that the ‘sur-
viving’ mechanism across studies is the 3D shape processing aspect,
considering it as the commonality between them. This is reiterated by
recent evidence showing dissociation between attentional and shape
processing mechanisms in the dorsal stream (Goldstein-Marcusohn
et al., 2024). Goldstein-Marcusohn et al. (2024) remarked that

attentional demands modulated shape sensitivity similarly in both
ventral and dorsal streams, despite attentional processes occurring in
overlapping dorsal regions.

A previous ALE meta-analysis addressed a related question (Farshchi,
2022). However, their main objective was not specifically to investigate
depth-cue representation of 3D shape vs 2D shape. For this reason, their
search strategy did not include terms related to depth cues. Farshchi
(2022) used few search terms and also fewer databases which may have
contributed to undersampling of relevant studies (i.e., 199 records after
deduping; 16 articles included in the meta-analysis). Consequently, it is
difficult to determine the extent to which their results reflect depth
cue-tolerant 3D shape activations. Another difference was their focus on
task complexity in secondary analyses (e.g., passive versus judgment
tasks). They also adopted a different conceptual approach to contrast
selection (e.g., including scrambled images with no visible 2D shape or
contour as a control). We speculate that these divergences likely
contributed to the discrepancies in study inclusion between the two
meta-analyses, although several studies overlap. Overall, their main ALE
analysis results (full sample) are comparable to ours, showing consistent
recruitment of high-level ventral and dorsal visual areas, but with some
differences, considering we additionally observed engagement of the left
superior parietal lobule, which was not reported in their study.

Although our depth cue-specific sub-analyses for motion and
disparity were underpowered, the trend observed here for depth cue-
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Table 4
Results of the ALE sub-analysis.
Cluster # of Brain area(s) Hemi x y z ALE Volume N studies
# peaks max. (mm3) (foci)
Motion
1 2 Superior lateral occipital cortex (TO1, LO1-2, V3b) R 41.4 -80.8 8.1 0.0064 3152 4(7)
2 2 Inferior lateral occipital cortex extending to occipital fusiform R 47 —66.3 —-15.4  0.0064 2136 4(4)
gyrus
3 3 Superior lateral occipital cortex extending to superior parietal R 25.5 —69.4 48.9  0.0048 1960 5(6)
lobule (IPSO-5)
4 1 Inferior lateral occipital cortex extending to occipital fusiform L —46.1 —68.9 11.5  0.0081 1896 3(3)
gyrus
Disparity
1 6 Superior lateral occipital cortex extending to superior parietal R 288 -68.8 45 0.0107 12960 10(27)
lobule (IPS1-5, SPL1)
2 2 Superior lateral occipital cortex (V3a, IPS0-2) L —25.3 -79.8 35.6 0.0108 4128 6(8)
3 2 Superior lateral occipital cortex extending to superior parietal L —28.7 -53.5 61 0.0101 3904 5(8)
lobule (IPS2-4, SPL1)
4 5 Inferior lateral occipital cortex (TO1) R 48.4 —67.6 -6 0.0066 2064 4(6)
5 2 Inferior lateral occipital cortex L —-52.3 —64 —-0.1  0.0075 2064 5(5)
Monocularly-defined 3D shapes
1 5 Lateral occipital cortex (V3d, LO1, V3b, V3a) R 419 -753 —0.4  0.0094 8984 6(17)
2 3 Lateral occipital cortex (LO1-2, V3b) L —42.2 —-79.2 -1.7 0.0105 7136 6(14)
3 4 Superior lateral occipital cortex extending to superior parietal R 243 -67.5 50.6  0.0073 4688 6(10)
lobule (IPS0-4)
Disparity- N Monocularly-defined 3D shapes
1 2 Superior lateral occipital cortex extending to superior parietal R 24.6 —60.5 7.7  0.0072 1992 8(9)
lobule (IPS2-4)
2 3 Inferior lateral occipital cortex R 48.2 —68 —6.7  0.0063 1504 7(7)
3 2 Superior lateral occipital cortex (LO1, V3b, V3a, IPSO) R 345 -83 16.5 0.0058 896 2(2)
4 2 Superior lateral occipital cortex (IPS0-1) R 266 —77.3 39.8 0.0054 600 44)
Disparity- > Monocularly-defined 3D shapes
1 9 Superior lateral occipital cortex (IPS0-1) L —25.2 —80.1 37.2 0.0009 3144 6(7)
2 3 Superior lateral occipital cortex (V3b, V3a, IPS0) R 30.5 —84.6 27.2 0.0074 1368 2(2)
3 1 Inferior lateral occipital cortex L —53 —63.6 1.1 0.0186 720 2(2)
4 4 Superior parietal lobule R 37.5 —48.6 61.9 0.0134 704 1(1)
5 3 Superior lateral occipital cortex IPS3 R 24.5 —65.2 62.4  0.0136 632 1M
6 2 Superior lateral occipital cortex IPS2 R 139 -64.6 48.1 0.0346 328 1(1)
Monocularly- > Disparity-defined 3D shapes
1 5 Inferior lateral occipital cortex extending to occipital fusiform L —47.7 -748 -11.3  0.026 1384 2(2)
gyrus
2 4 Inferior lateral occipital cortex (TO1, LO2) L —425 -90 -5.6  0.0085 496 1(1)

Table Notes: Each cluster has detailed brain region labels, hemisphere (Hemi), MNI152 coordinates, ALE maxima, volume in mm?, and number of studies and foci that
contributed to each cluster (IPS = intraparietal sulcus; hMT = human middle temporal visual area; V3 = third visual complex; LO = lateral occipital complex).

dependent cortical segregation for 3D vs. 2D corroborates a recent pa-
tient study on posterior cortical atrophy patients. These patients expe-
rience deficits in 3D perception that relates to atrophy and reduced fMRI
response in ventral and dorsal pathways (Gillebert et al., 2015)
depending on depth-cue. Namely, 3D shape processing deficits for
shaded objects were associated with volume loss in the ventral stream
while dorsal stream volume loss was associated with deficits for
disparity-defined 3D shapes. It is important to note that the disparity
studies included in the meta-analysis varied in stimulus type, incorpo-
rating both naturalistic 3D movies and more controlled disparity stimuli.
The overall contribution of naturalistic studies to cluster formation was
relatively small. Therefore, excluding these studies would not alter the
key dorsal activations (e.g., in IPS), but might only reduce ALE values
slightly. This variability further motivated our secondary contrast ana-
lyses (binocularly-versus monocularly-defined 3D shapes), which aimed
to disentangle disparity-specific processing from shape-from-disparity
representations.

Bilateral IPS was implicated in the contrast of disparity-defined 3D
shapes with monocularly-defined 3D shapes, meaning that the bilateral
IPS association observed in the main analysis is at least partially driven
by disparity processing. This is in accordance with the binocular
disparity processing network, which is widespread throughout ventral
and dorsal visual streams, including strong activations in the IPS
dorsally (Abed Rabbo et al., 2018; Tsao et al., 2003; Verhoef et al.,
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2016). However, it is not possible to completely disregard the role of the
IPS for 3D shape processing, especially because the conjunction analyses
(disparity-defined 3D shapes N monocularly-defined 3D shapes condi-
tion) showed spatial convergence in the right IPS. This is in accordance
with evidence from ROI-based studies showing complex and behav-
iourally relevant object representations in anterior IPS (Freud et al.,
2017; Jeong and Xu, 2016). It could also imply lateralization of 3D shape
processing when compared to binocularly-defined 3D shapes. More
specifically, the left-hemisphere being more sensitive to
monocularly-defined 3D shapes, whereas the right hemisphere may be
more dedicated to the processing of 3D shape derived from disparity.
Unfortunately, because of the limited number of studies for most
monocularly-defined depth cues (i.e., texture and shading), we were
unable to test depth-cue-specific activations for those depth cues.

The Neurosynth analysis reinforced the view that the regions
recruited in the main analysis are related to visual object recognition
concepts. In the individual cluster analysis, superior parietal lobule
clusters were predominantly associated with oculomotor control,
attentional processes, and action behavior concepts. This is in accor-
dance with the functional capacities of the superior parietal lobule
(Behrmann et al., 2004; Fogassi and Luppino, 2005; Gamberini et al.,
2021). Concepts relating to object perception were more associated with
inferior temporal gyrus and inferior lateral occipital cortex, ventral
areas traditionally associated with visual object recognition processes
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Fig. 6. Z-score maps reporting clusters of reliable activation for monocularly-defined 3D shapes > binocularly-defined 3D shapes (a.) binocularly-defined 3D shapes
> monocularly-defined 3D shapes (b.) contrasts. ALE map for the conjunction of activation between binocularly- and monocularly-defined 3D shapes conditions (c.).
The Wang et al. (2015) atlas was used for visualization. (IPS = intraparietal sulcus; TO1/hMT = human middle temporal visual area; V3 = third visual complex; LO

= lateral occipital complex). More details in Table 4.

(Bracci et al., 2017; Grill-Spector and Weiner, 2014; Peissig and Tarr,
2006). However, our results show that activity of the ventral stream
alone does not paint a complete picture when considering 3D visual
object recognition. These concepts are likely to have risen due to the
traditional use of 2D-feature based objects as a proxy for visual object
recognition in many studies (Andresen et al., 2009; Bernstein et al.,
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2014; Bracci and Op de Beeck, 2016; Bracci et al., 2019; Konkle and
Oliva, 2012; Mocz et al., 2023). It is worth noting that 11 out of the 25
studies (corresponding to 12 of the 26 independent contrasts) included
in our meta-analysis are also part of the Neurosynth database (Table 2).
Their distribution was balanced across the distinct depth cues (4 for
motion, 4 for disparity, 2 for texture, and 2 for shading). Although this
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potentially introduces circularity to the analysis, the impact is expected
to be minimal given that the Neurosynth database contains over 14
thousand fMRI studies. In addition, because the overlap is small and
evenly distributed across depth cues, any circularity would affect all cue
categories similarly, thus not biasing comparisons between them and
their individual contributions. The reverse-inference maps in Neuro-
synth are derived from large-scale, topic-based meta-analytic coac-
tivation patterns rather than direct inclusion of individual foci.
Therefore, their influence from a small subset of studies is expected to be
negligible.

Several theoretical and computational models of visual object
recognition have been proposed over the years. They largely differ on
various aspects, including whether the extracted features from the
viewed images are primarily 2D or 3D and how they approach the issue
of object variability across views—by using stored 2D or 3D templates of
objects. Historically, most object recognition computational models are
based on the architecture and functionality of the ventral visual stream
alone. They generally rely on 2D feature and 2D pattern extractions from
the viewed image—e.g., edge extractions—and generation of 2D-based
intermediate representations derived from learned correlations be-
tween derived hierarchical features, which are then used as templates
for visual object recognition (Poggio and Edelman, 1990; Poggio and
Riesenhuber, 1999; Ullman and Basri, 1991).

The 2D feature-based family of models have been supported by
behavioral and neurophysiological research at the time (Biilthoff and
Edelman, 1992; Edelman and Biilthoff, 1992; Jolicoeur, 1985; Log-
othetis and Pauls, 1995; Tarr and Pinker, 1989). Edelman and Biilthoff
(1992) showed that when humans were trained in a specific view of a
novel wireframe object, their error rates in object identification per-
formance increased with rotation angle in depth from the learned view.
Those results were replicated for nonhuman primates (Logothetis et al.,
1994), but when animals were trained with as few as three different
views of the same object, they could effectively recognize the object in
untrained views (Logothetis and Pauls, 1995). Their results supported
the use of interpolation of stored 2D object templates to generalize for
novel views for visual object recognition (Poggio and Edelman, 1990;
Ullman and Basri, 1991). Later, neurophysiological studies have shown
that a single IT neuron in the macaque can have object selectivity,
regardless of its size or position on the retinal image (Grill-Spector et al.,
2001; Grill-Spector et al., 1998; Riesenhuber and Poggio, 1997) but that
they were also tuned to viewpoint (Logothetis and Pauls, 1995), again
supporting 2D based-models of object recognition.

However, ventral areas that have been traditionally associated with
the processing of 2D shape information are also reliably representing 3D
shape information. This is in accordance with the previously mentioned
electrophysiological studies in nonhuman primates which showed that
3D features of objects are being explicitly encoded throughout the
ventral cortex hierarchy (Hinkle and Connor, 2002; Hung et al., 2012;
Srinath et al., 2021; Vaziri et al., 2014; Yamane et al., 2008) and further
supported by our ALE meta-analytic results in humans. These studies
together demonstrate that object representations in ventral stream are
not only 2D-feature based, but also 3D-feature based.

2D feature-based computational models are mainly modelled after
the ventral stream (Cadieu et al., 2014; Christensen and Zylberberg,
2020; Kar et al., 2019; Poggio and Riesenhuber, 1999; Riesenhuber and
Poggio, 2000; Yamins et al., 2014). In addition, with current advances of
deep-convolutional neural networks (DNNs), recent studies directly test
correspondences between the hierarchical layers of the ventral pathway
and the hierarchical layers of DNNs (Giiclii and van Gerven, 2015)—i.e.,
general purpose computer vision models—as a proxy of human visual
object recognition, while other DNNs were explicitly created for aiming
for biological plausibility and are directly inspired by the primate
ventral pathway (Kubilius et al., 2018). Although modern DNN models
can reach human object recognition performance (Mur et al., 2013;
Rajalingham et al., 2015), they fail to generalize when humans do,
especially when images are particularly tweaked. Su and colleagues
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(2019) have shown that by changing a single pixel in a test image,
performance in three distinct DNNs falls considerably—misclassifying in
average 73.22 % of the time—although the objects remain effortlessly
recognizable by humans. Similar results are observed when object im-
ages are purposefully distorted with blurring or noise (Dodge and
Karam, 2017; Geirhos et al., 2018). If 3-Dimensionality of objects, such
as overall object surface, medial axis and structural relationships be-
tween object parts were taken into consideration in such models, they
would not have bluntly failed—e.g., medial axis and relationship be-
tween parts and articulations do not change with additive noise or blur.
Most strikingly, considering the role of the dorsal stream in 3D object
processing (Ayzenberg and Behrmann, 2022; Freud et al., 2017; Jeong
and Xu, 2016) and depth cue processing and integration (Dovencioglu
etal., 2013; Murphy et al., 2013) mentioned earlier and considering the
extensive involvement of the dorsal stream in 3D shape processing,
observed in the current meta-analysis, visual object recognition models
should account for the dorsal stream contribution.

There is increasing evidence that object perception relies on a
surface-based code that integrates 2D shape-based information with 3D
structural and configural information that is used jointly for object
recognition (Arguin et al., 2019; Kim et al., 2019; Leek et al., 2005;
Pasupathy et al., 2019; Yamane et al., 2008). However, even though
3-Dimensionality is important for object recognition, it is difficult to
probe 3-Dness without 2-Dness—or distinguishing between 2D and 3D
representations. In Leek et al.’s, (2005) study which suggests a
surface-based model of 3D shape representations, they used 2D
line-drawing contours to delineate surfaces and volumetric components,
therefore not eliminating the 2D cue contributions. Their “open con-
tour” stimuli, also 2D-based but composed with noncontiguous edges of
the original shape—or an “interrupted surface”—could for example be
harder to perceive simply because of good continuation—i.e., identifi-
cation is harder when line segments present poorer continuation (Pelli
etal., 2009). Therefore, because 2D representations can be derived from
3D projections, they are difficult to separate. It is possible that 3D shapes
simply contain more object information that can be relevant for
perception.

By using same-identity shapes rendered by unique depth cues it is
also possible to probe 3Dness over 2Dness—namely, by studying depth
cue invariance. The nature of the lower-level 2D features can be
extraordinarily different although their identity
(Dehmoobadsharifabadi and Farivar, 2016) or category (Akhavein,
2017; Akhavein et al., 2018) are still perceived as being the same. Some
depth cues are 3D by nature, such as the case for objects rendered using
binocular disparity or structure-from-motion which are edgeless. Depth
cue invariance suggests that a common dimension is extracted from
those objects regardless of depth cue, and this dimension is essential for
recognition, such as their surface or other influential 3D structural in-
formation (e.g., relative distances between meaningful object parts, or
medial axis extraction) as information. Therefore, future endeavours in
understanding how 2Dness and 3Dness intertwine in object recognition
will benefit from studies of depth cue invariance.

4.1. Limitations

The ALE method has some limitations. They include not being able to
incorporate studies without whole-brain acquisition—which can be
common in hypotheses-driven vision studies, considering a higher voxel
resolution can be acquired in the visual cortex when using smaller fields-
of-view. We also were not able to include studies that performed analysis
on the cortical surface—i.e. not the volume—which is increasingly more
common in recent studies, considering alignment across subjects is more
reliable in surface-based studies when compared to volume-based ones
(Coalson et al., 2018; Fischl et al., 1999). We are also unable to include
studies that perform multivoxel pattern analysis (MPVA) as ALE requires
peak coordinate activations reported from the more traditional,
whole-brain univariate analyses.



L.P. Volpi et al.

ALE can pinpoint large-scale networks that are more dominantly
activated in specific contrasts (higher BOLD signal) and can therefore
reveal large-scale networks that are overall involved in a subjacent
cognitive process. With MVPA, it’s possible for example to assess subtle
differences between 3D and 2D processing, or that a same area is
responding to both 2D and 3D shape information but with distinct
activation patterns, even though signal amplitude for 3D is larger (i.e.,
3D containing more information, being more salient or interesting, etc.).
In the perspective of large-scale, whole-brain organization however,
ALE is an appropriate tool to evidentiate areas that are consistently
recruited by depth cue defined 3D shapes, despite task or stimuli spec-
ificity (or heterogeneity in design). This is even more pressing when
considering that univariate analyses—and reporting peak coor-
dinates—have been performed since decades of neuroimaging research.
Only in recent years, with the Open Science movement, researchers have
begun to openly share their raw experimental data and full statistic
images that could be then used for more refined and specialized analysis
and this should be pursued in future studies to assess the intricate con-
tributions of distinct depth cues for 3D object recognition.

It is also worth noting that the sub-analyses (i.e., disparity, motion
and the contrast analyses) are underpowered, with only 11 studies for
disparity (<16 studies are not recommended, see Eickhoff et al., 2012),
thus inference here has to be done with caution.

5. Conclusion

Overall, the results of this meta-analysis support representations of
3D shapes throughout the high-level visual cortices, in both ventral and
dorsal pathways and regardless of the depth cue that defines them. The
trends indicate that binocularly-defined 3D shapes may be more prom-
inently represented in the bilateral dorsal stream, whereas monocularly-
defined 3D shapes are more dominantly represented in the left ventral
stream. These observations point to a possible degree of segregation and
depth cue specificity in 3D shape processing, as suggested by motion-
and disparity-defined 3D shapes. These findings are consistent with the
notion that depth cue integration between the two streams likely sub-
serves complex shape processing, specifically by representing 3D
structure of objects and endorsing 3D shape perception.
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