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Impact of a transient neonatal visual
deprivation on the development of the
ventral occipito-temporal cortex in humans

Stefania Mattioni 1,2 , Mohamed Rezk2, Xiaoqing Gao3, Junghyun Nam4,
Zhong-Xu Liu 5, Remi Gau 2, Valérie Goffaux2, Andrea I. Costantino 6,
Hans Op de Beeck 6, Terri Lewis7, Daphne Maurer7 & Olivier Collignon 2,8

How does sensory experience shape the development of the visual brain? To
answer this eluding question, we examine brain responses to visual categories
in a rare group of cataract-reversal individuals who experienced a short tran-
sient period of early blindness. Encoding of low-level visual properties is
impaired in the early visual cortex (EVC) of cataract-reversal participants,
whereas categorical responses in downstream ventral occipito-temporal cor-
tex (VOTC) are preserved. In controls, degrading visual input to mimic the
visual deficits of cataracts produces cascadingdisruptions extending fromEVC
to VOTC, unlike in the cataract group. A deep neural network trained on
altered visual input reproduces this dissociation, supporting the brain find-
ings. These results demonstrate that while EVC is permanently affected by
early deprivation, categorical coding in VOTC shows resilience, highlighting
different sensitive periods for specific brain regions and computations.

The study of the consequence of an early and transient period of visual
deprivation has long served as a compelling experimental model to
causally test the need of sensory experiences for the functional
development of brain regions1.

Seminal studies have unveiled the existence of sensitive and
critical developmental periods during which early life experience
significantly shapes the functional tuning of the brain2. Studies in
mice3,4, cats1,5–7 and monkeys8 have demonstrated profound and
enduring effects of a brief and transient period of monocular or
binocular deprivation in early life on responses of the early visual
cortex (EVC) (for comprehensive reviews, see ref. 9). Similarly,
humans who experience transient postnatal blindness due to dense
bilateral cataracts show permanently reduced visual acuity10–13 and
alteration in the response and retinotopic organization of the
EVC14,15.

The impact of a transient neonatal visual deprivation beyond EVC
has been less explored; yet it is commonly assumed that these regions
are altered due to their connection to, and dependence from, lower-
level properties extracted from EVC16,17. It has, for instance, been sug-
gested that the transient absence of early visual experience could
disrupt the typical development of category selectivity in the ventral
occipito-temporal cortex (VOTC), potentially even to a greater extent
than it impacts EVC15–18. Most of the studies that have explored cate-
gorical representations in VOTC among cataract-reversal individuals
have focused on the processing of faces. Some of these studies have
reported impairments in tasks involving the localization of internal
facial features19–21, face memory tasks19, ratings of facial
attractiveness22, automatic gaze following13 accompanied by
abnormal23 or absent24 electrophysiological responses (N170) to face
stimuli and altered connectivity within the face-processing network25.
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Similarly, a study involvingmonkeys raisedwithout selective exposure
to faces has reported the absence of face domain in the brain after
sight recovery26.

These results are however not without controversies. Other stu-
dies showed that cataract-reversal individuals can successfully per-
form several tasks including face detection23, face/nonface
categorization27, discrimination among individual faces based on the
shape of the eyes, the mouth or the external contour28 or the extrac-
tion of social information from faces, such as facial and emotional
expression29,30. In the same line, monkeys raised without exposure to
any faces exhibited a preference for human and monkey faces in
photographs, along with the ability to discriminate between human
faces as well as monkey faces31.

No previous studies have simultaneously investigated the con-
current development of early and higher-level visual regions across
different visual categories in the context of cataract-reversals. More-
over, so far, most studies comparing brain responses between
cataract-reversal and controls have relied on univariate techniques.
However, univariate and contrast approaches applied to a restricted
set of stimuli are limited in their capacity to reveal the precise nature of
the underlying brain computations that may differ between cataracts
and controls, and how these potential changes in computation vary
according to brain regions32.

Here, we examined functional differences along the ventral
occipito-temporal stream between cataract reversal individuals and
controls using decoding and representational similarity analysis
(RSA)31,33 applied to functional Magnetic Resonance Imaging (fMRI)
signals and artificial neural network models. Using a diverse set of
images belonging tomultiple visual categories including faces, bodies,
houses, tools and words (Fig. 1A), we concomitantly probed alteration
in thebrain codingof either low-level (e.g., spatial frequencies) or high-
level (e.g., categorical) visual features of afferent visual input. We also
included a control fMRI experiment where we presented modified
visual stimuli to additional control subjects to simulate the visual

deficits associatedwith cataract reversal (i.e., reduced visual acuity and
nystagmus), allowing us to account for partially impaired vision at the
time of testing. Additionally, we directly compared the brain’s
response along the visual cortical hierarchy with the representation of
different deep neural network (DNN) layers, thought to emulate how
information is sequentially extracted in VOTC34.

We show thatwhile early deprivation leaves lastingdeficits in early
visual cortex, categorical coding in ventral occipito-temporal regions
remains resilient—revealing differential susceptibility across the visual
hierarchy and challenging the view that the development of high-level
areas critically depends on early visual experience. Complementary
DNN simulations further support this interpretation, showing how
structured categorical representations can emerge despite degraded
early input.

Results
Visual acuity
The control group has a mean level of logMar of 0.01 (SD 0.07, min:
−0.05, max:0.17), the cataract-reversal group (see Table 1) has a mean
level of logMar of 0.21 (SD 0.18, min −0.05, max: 0.61). As
expected10,12,13, an independent samples T-test revealed a significant
difference (Fig. 2A) of the level of visual acuity between the two
groups (t(28) = –4.1; p =0.0003).

Behavioral response in the fMRI
During the fMRI data acquisition, participants were asked to identify
instanceswhere two imagesdidnot repeat.Weexcludedone subject in
the control group, one subject in the cataract-reversal group and one
subject in the control experiment (CONblurry1 andCONblurry2) based
onpoor performance during fMRI data acquisition (under 2.5 standard
deviations from the group mean).

After the exclusions, the mean values of accuracy were 94% in the
control group, 91% in the cataract-reversal group, 94% in the CON-
blurry1 experiment, and 95% in the CON-blurry2 experiment (Fig. 2B).
Independent samples t-tests did not show any significant difference
between the accuracy values across groups (pFDR between 0.63
and 0.99).

Amount of gaze displacement
Ten out of the 15 cataract-reversal subjects reported experiencing
nystagmus (Table 1), a comorbid condition often associated with early
visual deprivation and characterized by involuntary and repetitive eye
movements. The small tracking window of typical in-scanner eye
trackers in combination with the fact that participants wore individu-
ally fitted in-scanner corrective glasses (the same glasses that they
wore during the visual acuity test) and the presence of nystagmus
made the use of eye-tracker impracticable. We instead employed
deepMReye35 to examine the eye movement patterns of our subjects
and used this data to account for this potential confounding factor in
our study (Fig. 2C).

The average amount of gaze displacement inside the scanner,
computed through deepMReye, was significantly higher in the
cataract-reversal group compared to all the other groups (Fig. 2C; CAT
vs CON (t(28) = 2.61; p =0.01; pFDR=0.02); CAT vs CON-blurry1
(t(25) = −3.1; p = 0.004, pFDR=0.02); CAT vs CON-blurry2
(t(25) = −2.78; p =0.01, pFDR=0.02). Instead, the amount of gaze dis-
placement did not differ between the control group and the CON-
blurry1 (t(27) = 0.15; p =0.88, pFDR =0.94), nor between the control
group and the CON-blurry2 (t(27) = 0.08; p = 0.94, pFDR =0.94).

This difference between the cataract-reversal group and the oth-
ers was expected, due the presence of nystagmus in most of the
cataract-reversal individuals, and validates the indices provided by
deepMReye. As described in the method section, we included the
variance for the X and Y gaze positions as regressors of no-interest in

Fig. 1 | Stimulus set and experimental design. A illustrates representative
examples of the stimulus categories used in the experiment. The green box
encompasses the illustrative set of stimuli used in the main experiment, with each
column representing a category and each row depicting different exemplars within
the category, totaling 30 images. For the bodies, faces, houses, and tools cate-
gories, we present six example images per category that resemble the original
experimental stimuli, which cannot be shared due to copyright restrictions. The six
word exemplars are the original stimuli created by the authors for this experiment.
Additionally, the light and dark purple boxes illustrate one exemplar per category
in two control experiments where the imageswere spatially filtered at twodifferent
levels of blurriness: 10 Cycles per degree (CPD), representing the average visual
acuity level of the reversal-cataract group (logMar=0.21), and 4.8 CPD, which
denotes the lowest level of acuity recorded among the cataract-reversal individuals
(logMar=0.61). All the stimuli, without any compression, can be found in the OSF
project (https://doi.org/10.17605/OSF.IO/BECDR) of this study at this link.Bdepicts
the experimental design during fMRI.
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our GLM (see next paragraph), to control for the impact of different
magnitude of eye movement on the fMRI data activity.

Univariate analysis
We conducted this analysis to examine the activated regions (within
and between groups) for all stimuli compared to the baseline (SI
Fig. 1) and for each category (Fig. 3, SI Fig. 2) in contrast to all other
categories. It is crucial to note that our experimental design was
optimized for multivariate analyses, and the rapid event-related
presentation typically does not yield the best signal for univariate
analysis. Here, we present the results for the contrasts of each
category versus the others (Fig. 3, SI Fig. 2). Please refer to the sup-
plemental material (SI Fig. 1) for the more general analysis, focusing
on the contrast of all visual stimuli versus baseline within each group
and between groups

In Fig. 3, the results from the univariate contrast of each category
versus the others for each group individually are depicted (panels A, B,
C, D and E). These maps are presented at a statistically significant
p-value of 0.001 uncorrected. Note that, since the [words > others]
contrast did not yield any significant results, we report here the [words
> houses] contrast (panel E).

For each category when compared to the others, we generally
observed the activation of the known category selectivity portion of
the brain: the extrastriate body area (Downing et al., 2001) for [bodies>
others] emerged in all groups (Fig. 3, panel A); the contrast [face>-
others] elicited activation in the face network including the fusiform
face area and the occipital face area (Kanwisher et al., 1997) in all
groups (Fig. 3 panel B); the contrast [houses > others] activated the
parahippocampal cortex (Epstein and Kanwisher, 1998) in all groups
(Fig. 3 panel C); the contrast [tools>others] elicited the activity of the
left lateralized tool region (Bracci et al., 2016) in controls and cataract-
reversal, not in the ConBlurry 1 and 2 (Fig. 3 panel D); finally the con-
trast [words>houses] activated a region close to the left VWFA
(Dehaene et al., 2002) in Controls, Cataract and Controls Blurry1,
however in Controls and Cataract also the right counterpart showed
some activity (Fig. 3, panel E).

The comparison between controls and the cataract-reversal
group revealed less activation in small portions of V1 in the cataract-
reversal group for the bodies (SI Fig. 2 panel A1) and tools (SI Fig. 2
panel D1) categories, with no difference observed in VOTC between
the two groups in any contrast. Comparisons between the two
degraded vision control conditions (ConBlurry1 and ConBlurry2) and

both the Control and Cataract groups revealed scattered differences
in activation. The most prominent effects emerged for the house
category, with both ConBlurry1 and ConBlurry2 showing reduced
activity in the visual place network compared to both Controls and
Cataracts (SI Fig. 2, panels C3–C6). Additional differences were
observed for the ConBlurry2 group, which showed decreased acti-
vation in posterior occipital regions for bodies compared to both
Controls (SI Fig. 2, panel A5) and Cataracts (SI Fig. 2, panel A6), and
for faces when compared to Controls only (SI Fig. 2, panel B5). These

Table 1 | Characteristics of reversal cataract participants

Subjects Age(y) Sex Length of depriva-
tion (days)

Acuity
(LogMar)

Nystagmus

CAT1 39 M 124 0.17 YES

CAT2 34 F 47 0.14 YES

CAT3 22 F 84 0.28 YES

CAT4 27 F 132 0.20 N.A.

CAT5 38 F 44 0.19 N.A.

CAT6a 27 F 107 0.31 YES

CAT7 23 F 6 0.25 YES

CAT8 32 M 94 0.61 YES

CAT9 26 M 77 0.52 YES

CAT10 37 M 143 0.09 YES (mild)

CAT11 18 F 10 0.14 NO

CAT12 25 F 65 −0.05 YES (mild)

CAT13 26 M 21 0.26 YES

CAT14 27 M 118 0.09 NO

CAT15 23 M 3 0.04 NO
aSub CAT6 has been excluded based on the low performance in the fMRI task.

Fig. 2 | Visual acuity, behavioral response, and eye displacement across
experimental conditions. A Visual acuity, computed as 1 minus the Logarithm of
the Minimum Angle of Resolution (logMAR), is depicted for Cataract Reversals
(CAT) in green and Control (CON) subjects in orange. Data are shown as mean±
SEMacross participants (n = 16 controls,n = 14 cataract-reversal individuals). Eachn
refers to an independent biological subject. Dot size reflects subject count, with
smaller dots representing one subject and larger dots indicating up to seven sub-
jects. Horizontal lines denote group means, and black bars signify standard errors.
Asterisks mark significant differences between groups assessed with independent-
samples two-sided t-tests (CAT vs CON: t(28) = –4.1, p =0.0003). B Behavioral
responses during fMRI are shown as mean± SEM across participants (n = 16 con-
trols in orange, n = 14 cataract-reversal individuals in green, n = 14 Controls Blurry1
in light purple, n = 14 Controls Blurry2 in dark purple). Each n refers to an inde-
pendent biological subject. Dot sizes correspond to subject count. C Eye dis-
placement during the fMRI experiment, analyzed using deepMReye, are shown as
mean ± SEMacross participants (n = 16controls,n = 14 cataract-reversal individuals,
n = 14 Controls Blurry1, n = 14 Controls Blurry2). Each n refers to an independent
biological subject. Each dot represents one subject, with horizontal bars indicating
group averages and vertical black lines denoting standard errors. Additionally, on
the right side, an example of the deepMReye output for an average subject in each
group during one run of the experiment is provided. Movement intensity is
represented by color spread, with darker shades indicatingmore frequent fixation.
Asterisks denote significant between-group differences, tested with independent-
samples two-sided t-tests, FDR-corrected across comparisons (CAT vs CON:
t(28) = 2.61, pFDR =0.02; CAT vs ConBlurry1: t(25) = –3.1, pFDR =0.02; CAT vs
ConBlurry2: t(25) = –2.78, pFDR =0.02; non-significant contrasts: pFDR>0.9).
Source data are provided as a Source Data file.
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effects were variable across comparisons and did not reveal a sys-
tematic pattern

These results, along with those concerning the general contrast
[all stimuli>baseline] (see supplemental Fig. 1), do not reveal any
significant differences in the activity of VOTC in cataract-reversal
individuals compared to controls. This analysis is also supported by
the comparison of beta values extracted from independent region of
interests (see supplemental section “Univariate analysis – ROIs
approach“ and SI Fig. 3) and the use of Bayesian statistics (see sup-
plemental section material section “Bayesian statistics to support
similarity in brain data between controls and cataract-reversal
participants”). Additionally, the findings from comparisons with
control-blurry 1 and control-blurry 2 conditions are not always
straightforward and are challenging to interpret. Therefore, we
conducted a series ofmultivariate pattern analyses to further explore
potential differences in categorical representation in VOTC between
cataract-reversal individuals and controls, as well as to better eluci-
date the representation in the control-blurry 1 and control-blurry 2
conditions.

Representational similarity analysis (RSA): low vs high-levels
representational models
Representational similarity analysis enabled us to simultaneously
probe the low-level and categorical representations throughout the
ventral occipito-temporal cortex in our participants.We correlated the
brain representation of our stimuli with two representational model
based either on the low-level visual features of the images (i.e., HmaxC1
model) or on their categorical membership (see Fig. 4H).

The resultingmaps from thewhole brain searchlight RSA analyses
for both models and in each group separately are represented in the
first row of Fig. 4A–D.

As expected, theHmaxC1model elicits the higher correlationwith
the early visual cortex, while the categorical model is significantly
correlated with VOTC activity in all groups (Fig. 4A–D).

The comparison between controls and cataract-reversals showed
a significantly lower correlation in cataract-reversals with the HmaxC1
model only in V1, while there was no group differences in the corre-
lation with the categorical model in VOTC (Fig. 4E).

In both blurry1 and blurry2 control groups, there was a reduced
correlation with the HmaxC1model in a big portion of V1 compared to
the control group and a lower correlationwith the categoricalmodel in
VOTC (see Fig. 4F, G).

Finally, when we directly compared the cataract-reversal group
with the controls-blurry1 (Fig. 4I) andwith the controls-blurry2 (Fig. 4J)
we did not observe any difference in the correlation with the HmaxC1

model in V1. However, we did find a significantly lower correlationwith
the categorical model in VOTC for both controls-blurry1 and controls-
blurry2 when compared with the cataract-reversal group.

Decoding analyses
We expanded the RSA analyses by incorporating two additional
decoding analyses. One of these analyses focused on decoding
categorical representation in VOTC. This analysis was implemented
to strengthen our observation of no group differences using RSA
with a categorical model of stimuli encoding (see Fig. 5). However,
whereas RSA aims to identify maximal relations, decoding seeks to
pinpoint maximal distances between patterns and, in this instance,
categories. The results from the decoding analysis closely matched
those obtained from the RSA analysis, providing strong support for
our observation of no differences between the cataract and control
group in how categories are encoded in VOTC. Due to the conceptual
overlap of these findings, we decided to present the 5-way decoding
between categories analysis in the supplemental material (see
SI Fig. 5).

The second addition is the 6-way item decoding, applied within
each category, which complements the RSA analysis with the HmaxC1
model. As we conducted five separate analyses, decoding the items
within each category and including only the six items from the same
category at a time, we anticipate that the algorithm’s decision-making
process will relymostly on low andmiddle visual properties (since the
categorical membership is identical between the 6 decoded items).
Our observations confirm this expectation, as we consistently found
that in all groups V1 is the primary brain region encoding our stimuli
across the 5 categories tested (separately) (Fig. 5, top row). You can
also refer to SI Fig. 6 for an overlay of the 5 categories, demonstrating
that the results are consistently similar across the different categories.
Thesemaps resulted from the whole brain searchlight 6-way decoding
analyses for each group and for each category separately. No other
brain regions were found to be involved in this task, even when con-
sidering lower p values.

Interestingly, when we contrast the results from different groups
with independent sampleT-tests, clear differences emerged. Contrasts
producing significant results are reported in Fig. 5 (panels A 2-4; B 2-4;
C 2-4; D 2-4; E 2-4).

The comparisonbetween controls and cataract-reversals revealed
significantly lower decoding activity in V1 among cataract-reversal
individuals compared to controls. This consistent pattern of results
was evident across all categories: bodies (Fig. 5, Panel A2), faces (Fig. 5,
Panel B2), houses (Fig. 5, Panel C2), tools (Fig. 5, Panel D2), and words
(Fig. 5, Panel E2). These findings align with the results obtained from

Fig. 3 | Results fromunivariate analyses across categories. Eachcolumndisplays
results for one category: bodies (A), faces (B), houses (C), tools (D), and words (E).
Each plot shows within-group activation maps (voxel-wise threshold p <0.001,
uncorrected). For each category, we contrasted that category against all others,
except for words (E), where we show words > houses because words > all did not
yield suprathreshold voxels at this threshold across groups. BrainNet Viewer was

used for the visualization of brain maps120. Analyses were performed in SPM12.
First-level contrast imageswere additionally smoothed (6mmFWHM) and entered
into group-level one-sample t-tests (within groups); all tests were two-sided. Maps
are shown at voxel-wise p <0.001, uncorrected (no multiple-comparisons correc-
tion applied for this univariate figure). Sample sizes (biological replicates): n = 16
Controls, n = 14 Cataract-reversal, n = 14 Controls Blurry1, n = 14 Controls Blurry2.
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the split half analysis and RSA with the HmaxC1 model, providing
robust evidence that individuals who underwent cataract reversal
exhibit permanent impaired representation of low-level visual prop-
erties in V1. Indeed, they demonstrate that their primary visual cortex
faces challenges in utilizing these visual features to differentiate items
within the same category.

Following a similar procedure to the previous analyses, we con-
ducted comparisons between controls and the two control conditions:
controls-blurry1 (Fig. 5, third row) and controls-blurry2 (Fig. 5, fourth
row). In both control conditions (blurry1 and blurry2), V1 exhibited
reduced decoding accuracy compared to the control group. These
results were consistent across all categories and closely resembled the
findings observed in the contrast between controls and cataract-
reversals. Direct comparisons between the cataract-reversal group and
the control-blurry1 & control-blurry2 groups did not reveal any sig-
nificant differences.

Between- and within-category decoding analyses in different
layers and conditions of the DNN
Deep neural networks are increasingly used as models of human brain
processing and have proven valuable for testing hypotheses about the
computational principles that constrain how the brain operates.

Our fMRI results revealed a double dissociation: reduced
between-category decoding in VOTC for both ConBlurry1 and Con-
Blurry2 (but not for cataract-reversal individuals), and reduced within-
category decoding in V1 for both ConBlurry groups and cataract-
reversal individuals. Therefore,weperformed thisfinalDNNanalysis to
assess whether a similar dissociation would emerge in the hierarchical
representations of a deep neural network trained on similarly degra-
ded visual input. This allowed us to test whether the observed brain
patterns could be reproduced in a model relying solely on visual
experience, thereby isolating the role of visual input quality in shaping
categorical representations.

Fig. 4 | Results from Searchlight RSA Analysis with Hmax-C1 and
Categorical Model. The top row presents results from the searchlight analysis
within each group and condition: controls (A), Cataract-reversals (B), Controls-
blurry exp 1 (C), and Controls-blurry exp 2 (D). Within each panel, Spearman’s r of
braindissimilaritywith theHmax-C1model is depicted on the left, and Spearman’s r
with the categorical model is depicted on the right. Below the brain maps, repre-
sentational dissimilarity matrices (RDMs) extracted from significant clusters are
displayed. The second row presents between-group contrasts: Controls > Cataracts
(E), Controls > ConBlurry1 (F), and Controls > ConBlurry2 (G). H shows the two
representational models: Hmax-C1 (left) and categorical (right). I, J show Cataract >
ConBlurry1 and Cataract > ConBlurry2, respectively. For each subject and search-
light sphere (100 voxels), representational dissimilarity matrices (RDMs) were
computed from stimulus-specific activation patterns and compared with the two
models using Spearman’s partial correlation, regressing out shared variance

betweenmodels. Correlation values were Fisher-transformedand entered intoone-
sample t-tests (within groups, two-sided) and two-sample t-tests (between groups,
two-sided). Group contrasts were corrected for multiple comparisons using
threshold-free cluster enhancement (TFCE)with family-wise error (FWE) correction
applied within independent masks: V1 for the Hmax-C1 model, VOTC for the cate-
gorical model. Maps are displayed at p <0.05 FWE corrected. For regions showing
significant group differences, RDMs from both groups and their correlations with
the two models are shown alongside dot plots. Dot plots are presented for visua-
lization only and are not statistically tested to avoid circularity. Dot plots display
individual subject data (independent biological replicates; n = 16 Controls in
orange, n = 14Cataract in green,n = 14ConBlurry1 in light purple,n = 14ConBlurry2
in dark purple) withmean± SEM. Source data for dot plots are provided as a Source
Data file. Contrasts without suprathreshold voxels are not shown. BrainNet Viewer
was used for the visualization of brain maps120.
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All decoding results across different DNN layers are presented
in Fig. 6.

To further examine the effects of altered visual experience on
categorical representation, we conducted 5-way between-category
decoding analyses across the full hierarchy of DNN layers, from early
(V1-like) to late (VOTC-like) representations. As shown in Fig. 6B,
decoding accuracy increased progressively from early to higher layers
across all conditions. However, substantial differences emerged
between the three visual input regimes.

In the control-like model, decoding performance rose steeply
from V1-like layer (LF1) to the final classifier layers, reaching near-
ceiling accuracy by the intermediate Layer Features.7 (LF7). The
cataract-like model started with low performance in the early layers
but showed a marked improvement in mid-to-high layers, eventually
matching control-like decoding levels by LF9 and maintaining com-
parable accuracy through the second-to-last layer (LC2) and even

outperforming the controls-like performace in the final VOTC-like
layer (LC5). In contrast, the ConBlurry-likemodel also showed an initial
rise in performance but plateaued at lower decoding accuracies, never
reaching control-like levels at any layer, despite outperforming the
cataract-like model in the Layer Features.4 (LF4).

Statistical comparisons confirmed these observations. Significant
differences (all p <0.001, FDR corrected) were observed between the
control-like and ConBlurry-like models at all layers despite the first V1-
like layer, with the ConBlurry-like model consistently showing lower
decoding accuracy. The cataract-like model, in contrast, began with
significantly reduced decoding at early layers (LF1, LF4 and LF7) but
caught up with control-like performance by LF9, with no significant
difference between cataract-like and control-like models at LF9 and
LC2, and even significantly higher accuracy in Cataracts-like compared
to Control-like condition in the final LC5 layer. Interestingly, although
ConBlurry-like performance was slightly higher than cataract-like in

Fig. 5 | Within-category decoding analyses. Results from five different decoding
analyses, each executed on a subset of the data, focusing on one category at a time:
bodies (A), faces (B), houses (C), tools (D), and words (E).The top row (A1, B1, C1,
D1&E1) shows brainmapsdepicting regionswith significant decoding accuracy for
distinguishing the six within-category items within each group. The second row
(A2, B2, C2, D2, E2) displays contrasts between Controls and Cataracts. The third
row (A3, B3, C3, D3, E3) shows contrasts between Controls and Controls-Blurry1,
and the fourth row (A4, B4, C4, D4, E4) shows contrasts between Controls and
Controls-Blurry 2. Contrasts not depicted did not yield significant group differ-
ences in occipital or occipito-temporal regions. Decoding analyses were imple-
mented using a searchlight approach (100-voxel spheres) with linear discriminant
analysis (LDA). For each category, a six-way multiclass decoding was run to dis-
criminate between the six exemplars, using a leave-one-run-out cross-validation

across runs. At the group level, voxel-wise one-sample t-tests (two-sided) were
performed against chance for each group separately, and two-sample t-tests (two-
sided) were used for between-group contrasts. Family-wise error (FWE) correction
with threshold-free cluster enhancement (TFCE) was applied within an indepen-
dent V1 mask, consistent with our a priori expectation that within-category dis-
crimination relies primarily on low-level visual features. All maps are displayed at
p <0.05 FWE corrected. Dot plots below significant group differences display
individual subject accuracies (independent biological replicates; n = 16 Controls in
orange, n = 14Cataract in green,n = 14ConBlurry1 in light purple,n = 14ConBlurry2
in dark purple), shown as mean ± SEM. Dot plots are presented for visualization
purposes only and were not statistically tested to avoid circularity. Source data for
dot plots are provided as a Source Data file. BrainNet Viewer was used for the
visualization of brain maps120.
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the early layers (p < 0.001 in LF4), it never reached the level of the
control-like model at any point in the network. These results are
reminiscent of the fMRI between-category decoding findings, where
we observed reduced decoding accuracy in V1 (but not in VOTC) of
cataract-reversal participants compared to controls, while the Con-
Blurry groups showed impairments in both V1 and VOTC. This DNN
result suggests that restoration following transient deprivation with
prolonged exposure to degraded input (cataract-like) still enables
high-level categorical representations to emerge. In contrast, degra-
ded input presented only at test time (ConBlurry-like) leads to per-
sistently reduced categorical separability, even in the deeper layers.

Within-category decoding was assessed in the lower to middle
layers of the DNN (features.1 to features.9), following the pattern
observed in the biological data where this type of processing primarily
engages early visual cortex (Fig. 6C). The analysis was conducted
across all five categories, showing a consistent trend. The control-like
condition yielded significant decoding at all layers (all p_FDR<0.001),
though with reduced accuracy in LF1. Performance in the ConBlurry-
like model remained significantly below controls across all layers (all

p_FDR <0.001). The cataract-like model showed increasing perfor-
mance from LF1 to LF9; while accuracy was lower than controls up to
LF7 (p_FDR <0.001), it reached control-like levels at LF9 for all cate-
gories. This analysis also yielded results consistent with our fMRI
findings, showing reduced within-category decoding in V1 for both
cataract and Con-Blurry groups compared to controls. However, the
DNN further revealed that in the Cataract-like condition this impair-
ment disappears at the middle layers, whereas it persists in the Con-
Blurry-like condition.

These findings suggest that, despite impaired early-stage visual
representations, the network trained and tested with degraded input
(cataract-like) can support within-category discrimination at mid-level
layers, whereas degraded input present only at test time (ConBlurry-
like) leads to persistently reduced performance, even at later proces-
sing stages.

Discussion
We investigated how a brief period of visual deprivation during the
neonatal stage affects the development of the human object

Fig. 6 | DNN – AlexNet analysis and results. In A the training and testing condi-
tions implemented in the AlexNet are depicted. In the first row, both the training
and testing phases were conducted with intact images, mimicking the control
condition situation. In the second row, the training and testing phases were both
conducted using filtered images to simulate the cataract-reversal condition. Finally,
in the third row, the training was done using intact images, but in the testing phase,
filtered images were presented, mimicking the scenario of controls who partici-
pated in the fMRI study with degraded images. In B, 5-way between category

decoding results for the full span of layers from V1-like to VOTC-like layers are
reported. InC, the bar plots represent the results for the 5withincategorydecoding
in the early (i.e.,V1-like) tomiddle layers. For DNNdata we have one value (n = 1) per
condition/layer. Asterisks indicate significant values computed with permutation
tests (10,000 randomizations of stimulus labels), and error bars indicate SEM
computed by bootstrap resampling of the stimuli. Source data are provided as a
Source Data file.
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recognition system. Using a multivariate framework incorporating
human brain imaging and artificial neural networks, we examined the
impact of visual deprivation early in life on the development of the
visual object recognition system. Our findings revealed a preserved
categorical representation in the ventral visual pathway (VOTC)
despite a brief and transient period of visual deprivation early in life
and permanent alterations in the response properties of the early
visual cortex (EVC) for low-level visual features.

The EVC of neonates demonstrates an advanced level of con-
nectivity comparable to the one observed in adults36–38, exhibits ocular
and orientation columnar organization39,40 displays selectivity for
visual features similar to adult levels41 and advanced retinotopic
organization26. Moreover, the eccentricity-related resting-state con-
nectivity profile of EVC appears roughly preserved in congenitally and
permanently blind adults42,43. Do these findings suggest that EVC
developmentoccurs independently of sensory experience?Our results
demonstrate otherwise by revealing that cataract-reversal individuals
have altered representation of low-level visual features, as measured
by reduced RSA correlation with a computational EVC-like model
(Fig. 4) and by reduced item-decoding analyses within each category
(Fig. 5; see also the supplemental analysis: Between-groups correlation
of V1 and VOTC brain dissimilarity matrices and SI Fig. 8). These results
alignwith former animal studies indicating lasting functional deficits in
EVC properties in kittens, monkeys, and mice exposed to early and
transient visual deprivation2,40,44. Studies involving human participants
after a transient period of early visual deprivation also suggested
lasting deficit in low- andmid-level visual abilities45–47 and alteration in
the response properties of EVC14. Altogether, our results show how
early visual experience plays a crucial role in maintaining and refining
the functional development of early visual circuits, despite a proto-
topographic organization at birth14,48.

In contrast to the notion that EVCdisplays a relatively high level of
functional and structural maturity at birth37,39,41, the extrastriate visual
system has long been thought to display rather immature neonatal
functional and anatomical organization49–52. Combined with the idea
that downstream higher-level regions acquire their functional tuning
based on structuring inputs they receive from earlier regions in the
cortical hierarchy, this led to the assumption that visual deprivation
induces a cascaded pattern of impairments, with its magnitude
increasing as a function of the synaptic distance from the earlier visual
input53. For instance, recent studies on human cataract-reversal indi-
viduals reported more altered visual processing in extrastriate com-
pared to striate brain regions15,18,54, suggesting that the functional
impact of visual deprivation becomesmore prominent downstream in
the visual processing hierarchy55. A preliminary report even suggested
that monkeys raised in darkness for a year show no impairment in EVC
but impairment in VOTC,where activity for visual stimuli is present but
not selective for specific categories56. Our findings challenge these
assumptions. Despite clear differences in EVC response properties, we
did not observe differences between the cataract-reversal group and
control group in VOTC response. In this region, the reliability of
activity patterns for each itemwas equivalent between the two groups
(split-half correlation measurements; see SI Fig. 4), and we observed a
comparable categorical representation expressed by univariate con-
trasts (Fig. 3, SI Fig. 2, SI Fig. 3), RSA correlation with a categorical
model (Fig. 4), and multiclass decoding analyses between categories
(fig. SI 5). Such convergence in results usingmultiple analytical streams
clearly challenges the view that visual areas most mature at birth are
the most resilient to experience-dependent plasticity26,57. Our study
instead suggests that early postnatal visual experience is not a pre-
requisite to develop categorical selectivity in VOTC. These results also
interrogate the notion that categorical domain formation is primarily
influenced by early visual experience16.

An important difference between our and previous studies is the
length of visual deprivation. We examined the impact of a brief period

of postnatal visual deprivation, lasting approximately 100 days on
average. By contrast, previous studies examined significantly longer
periods of deprivation in both humans14,15 and primates53,56. Crucially,
the time between the eyes opening and the test in previous studieswas
significantly shorter than the several years that elapsed between sur-
gery and testing in our study (Table 1). In our study, we tested cataract-
reversal individuals many years after surgery. This extensive visual
experience might have contributed to the categorical representation
in VOTC. Indeed, previous behavioral studies have documented a
gradual recovery of many visual abilities following congenital cataract
surgery. For example, visual acuity in children treated early continues
to improve until about age two, even if it doesn’t reach typical
levels10,46. Longitudinal studies of individuals treated after extended
blindness also show that, despite some low-level impairments (e.g.,
reduced acuity), these individuals demonstrate proficiency in many
mid- and high-level visual tasks, including shape matching, visual
memory, image segmentation, and face discrimination, localization &
identification, and gender classification12,58. This behavioral recovery
suggests parallel recovery at the neural level, particularly in brain
regions involved in these visual functions, which would include VOTC.
Longitudinal studies examining brain changes in various regions of the
visual cortex following cataract removal would be essential to under-
stand the mechanisms supporting this recovery trajectory at the
brain level.

Importantly, previous studies involving cataract reversal partici-
pants with similar period of transient deprivation reported behavioral
impairments in fine-grained categorical processing19–21. These impair-
ments may stem from initial visual analysis deficits in EVC or potential
impairments in VOTC representation at more detailed levels. We do
not rule out the possibility of VOTC impairments in more fine-grained
representations of visual categories, particularly in tasks that require
feature binding47,59, such as holistic face processing. For the face
domain specifically, previous research has indeed suggested that the
neural processes involved in discerning fine details of a specific face
may vary from those implicated in recognizing generalized facial
configurations60,61. This warrants investigation in future studies.

Our results support the existence of varying sensitive periods
along the visual processing hierarchy, leading to distinct develop-
mental impacts of sensory deprivation62–64. This aligns with the idea
that different visual skills—and the brain regions supporting them—

may vary in their susceptibility to early visual deprivation12 supporting
the existence of multiple sensitive periods across different brain
regions62–64. However, which brain regions aremore or less affected by
early visual deprivation remains controversial. In striking contrast with
the idea that impairments increase from EVC to more downstream
regions64, we instead found that early blindness compromises the
representation of low-level visual information in EVC, while visual
categorical representation in VOTC appears unaffected.

To explore whether EVC impairment was due to early visual
deprivation or current visual impairment at the time of testing, we
included several control analyses. First, we extracted and regressed
out information on each subject’s eye movements during the experi-
ment (Fig. 2C) to minimize data variance due to different eye move-
ment profiles across groups. Correlation analyses between brain data
and visual acuity values for the cataract-reversal individuals was not
significant, suggesting that the observed EVC resultswerenot linked to
visual acuity at the moment of testing. To directly assess whether the
neural profile observed in the cataract-reversal group could be
explained by degraded visual input at the time of testing, we included
two control conditions (CON-Blurry1 and CON-Blurry2) in which the
original stimuli were manipulated to simulate reduced acuity and
nystagmus in typical participants. These conditions mimicked the
visual experience of cataract-reversal individuals while preserving
typical visual development. Notably, both blurry conditions led to
degraded representations in both EVC and VOTC, indicating that acute
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visual degradation affects both early and high-level visual areas. In
contrast, cataract-reversal individuals showed a selective impairment
in EVC but preserved categorical representations in VOTC. This dis-
sociation strongly suggests that their neural profile cannot be
explained solely by current visual input quality, but rather reflects
long-term developmental adaptations following early visual
deprivation.

These results are also supported by recent findings demonstrat-
ing that cataract-reversal individuals exhibit long-term plasticity in
late-visual white matter pathways, beyond what is expected from
typical maturation65. Importantly, these structural changes were pre-
dictive of behavioral recovery. Altogether, this suggests that visual
experience, albeit degraded, can drive functional and structural
adaptation in high-level visual regions.

To better understand the mechanisms underlying the preserved
categorical organization in the ventral occipito-temporal cortex
(VOTC) of cataract-reversal individuals, we turned to deep neural
networks (DNNs) as a computational model of hierarchical visual
processing. DNN are not perfect models of their biological counter-
parts (for a nuanced review, see ref. 66). Nevertheless, they are
among the most successful models available for predicting human
visual behavior and neural responses across the visual hierarchy67–70

and can thereby serve as valuable approximations of visual proces-
sing mechanisms71. Most crucial for the results in this paper, these
systems offer a systematic methodology for directly examining the
consequences of controlled manipulations of sensory experience
that experiments with humans, for both ethical and practical rea-
sons, do not provide. More precisely, DNNs allow us to simulate
different types of visual experience and deprivation with precise
control, offering a powerful way to test hypotheses that are difficult
to address directly in clinical populations. Therefore, the DNN ana-
lyses aim to shed light on how categorical representations in VOTC
can emerge or be preserved despite an early period of visual depri-
vation. One possibility is that, following sight restoration, individuals
with congenital cataracts gradually learn to associate degraded or
impoverished visual inputs with semantic or categorical structure,
leveraging experience-driven learning mechanisms. DNNs provide a
useful framework for testing this hypothesis: by simulating altered
visual histories and observing whether high-level categorical repre-
sentations can still emerge, we can assess whether degraded input
alone is sufficient to build structured representations akin to those
found in VOTC.

We first investigated whether hierarchical processing in DNNs
could replicate key properties of the human visual system. As expec-
ted, and consistent with previous findings34, early DNN layers showed
higher representational similarity with brain activity in EVC, while
deeper layers correlated more with anterior regions of the ventral
stream. In line with our results, the EVC-like layer representations were
more similar to EVC activity in the control group than in cataract-
reversal or visually degraded (ConBlurry) conditions. Conversely, in
the VOTC-like layer, representations in the cataract-reversal model
were comparable to those of controls, while the visually degraded
model showed weaker similarity (SI Fig. 9B). These findings suggest
that DNNs can capture not only the hierarchical structure of visual
representations but also the functional impact of different visual
experiences, setting the stage for further modeling of deprivation
scenarios.

Building upon this similarity, we implemented three network
variants reflecting the visual experiences of our human groups in the
fMRI experiment (Fig. 6A): a Control-like network (trained and tested
on clear images), a Cataract-like network (trained and tested on blur-
red images), and aConBlurry-like network (trainedon clear images and
tested on blurred images). These conditions allowed us to evaluate the
distinct effects of early visual deprivation followed by recovery versus
acute input degradation at test.

In line with the fMRI data, both Cataract-like and ConBlurry-like
models showed reduced between-category decoding accuracy in early
layers, mirroring impairments in EVC. However, a key difference
emerged in deeper layers: the Cataract-like model progressively
improved and reached Control-like performance by layer LF9, sug-
gesting that prolonged experience with intact input following early
deprivation can support the development of categorical representa-
tions. In contrast, the ConBlurry-like model remained impaired at all
levels, indicating that even temporary input degradation at test can
disrupt categorical structure, despite normal prior experi-
ence (Fig. 6B).

This distinction was also evident in the within-category decoding
analyses (Fig. 6C), which were restricted to early-to-middle layers (LF1
to LF9) based on our biological data implicating early visual cortex in
this process. While the Cataract-like model improved with depth and
matched Control-like performance by LF9, the ConBlurry-like model
consistently showed lower accuracy in every layer, across all cate-
gories. These results suggest that despite early impairments in low-
level visual processing, extended visual experience can restore the
capacity for fine-grained visual discrimination, whereas acute degra-
dation, even in the absence of developmental deprivation, limits
representational precision.

Together, these findings support the idea that long-term visual
experience plays a critical role in shaping and recovering high-level
visual representations, and that DNNs can effectively model how dif-
ferent types of input quality influence representational outcomes. By
distinguishing between the effects of degraded input experienced
throughout life versus at test only, our DNN analysis helps clarify why
categorical selectivity in VOTC may be preserved in cataract-reversal
individuals but not in individuals experiencing acute visual degrada-
tion. More generally, these results also reveal that DNNs represent an
interesting approach to evaluate the consequence of an early and
transient period of deprivation and therefore pave the way to manip-
ulate various features of deprivation that are notoriously difficult to
control in humans (e.g., exact period and severity of deprivation) to
generate new hypotheses on the functional consequences of sensory
deprivation72.

While experience-driven learning from degraded input following
sight restoration offers one plausible explanation, there is also a
complementary, though not mutually exclusive, possibility. The
maintenance of categorical selectivity in VOTC despite early visual
deprivation and EVC functional impairment could potentially be rela-
ted to its connectivity with downstream regions that could exert a top-
down regulation for the development of the categorical coding of
VOTC73–79. Categorical domains within the VOTC might have an
inherent predisposition to process these specific categories such as
faces, words, landscapes through specialized connections to temporo-
parieto-frontal networks related to social cognition, linguistic pro-
cessing, and spatial interactionwith the environment, respectively80–82.
Indeed, besides enabling object recognition, VOTC is likely a founda-
tional brain region in determining the relevanceof objects to behavior,
for instance to engage in social interaction, objectmanipulation and in
navigating the environment83. Such pattern of large-scale connectivity
might explain in part the maintained categorical coding of VOTC
despite deprivation and EVC alteration82.

Early visual deprivation triggers crossmodal activity for touch or
sounds in EVC84–86, even years after visual restoration87–89, and sound
stimulation can suppress early visual responses in cataract reversal
individuals90. Crossmodal responses during a sensitive period could
occupy synaptic space in the EVC, potentially interfering with visual
recovery. In VOTC, crossmodal recruitment by sound in blind indivi-
duals appears to follow the category-selective profile of the region and
is also partially observable in sighted individuals75,91–93, suggesting that
it may promote functional maintenance94,95, rather than interfere with
sight recovery. In other words, the selective alteration of visual
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function in specific regions might also relate to region-specific impact
of crossmodal reorganization triggered by early blindness94.

By showing how a brief period of early-life visual deprivation
permanently affects information encoding in EVC while leaving the
categorical coding in VOTC intact, our study highlights how distinct
regions in the human object visual recognition system are differently
affected by a transient period of postnatal blindness. Our results
challenge the conventional belief that high-level brain regions pre-
dominantly dependon early visual experiences and intact downstream
visual input for their development, and instead show how the devel-
opment of the categorical coding in VOTC shows resilience to depri-
vation and altered upstream input. The inclusion of CON-Blurry1 and
CON-Blurry2 control conditions was essential to isolate the develop-
mental effects of early visual deprivation from the immediate impact
of poor visual input. These conditions mimicked the reduced acuity
and nystagmus of cataract-reversal individuals in participants with
typical development. The distinct profile observed in the cataract-
reversal group – impaired EVCand sparedVOTC – stands in contrast to
the two control (blurry) conditions, who exhibited widespread
degradation in EVC and VOTC, thereby reinforcing the interpretation
that the VOTC in cataract-reversal individuals has undergone com-
pensatory developmental mechanisms to preserve high-level visual
representations.

Our study offers a crucial refinement to prevailing models of
visual development, highlighting that sensitive periods are not fixed
boundaries but interact with the type and timing of input, and that
later visual experience can still support the emergence of robust
categorical coding in the human brain.

Our work provides neurobiological and modeling evidence sup-
porting the conclusion that the notion of critical periods needs to be
defined differently for different visual skills, rather than as a unitary
construct applicable to all aspects of visual development.

Methods
Participants
Fifteen cataract-reversal individuals (7 male, 8 female; mean age ±
SD= 28.26 ± 6.32 years, range = 18–39 years; average length of depri-
vation ± SD = 69 ± 48 days; see Table 1) and seventeen matched con-
trols (11 male, 6 female; mean age ± SD= 29.12 ± 5.71 years, range =
21–39 years) participated in the experiment. An additional group of
fourteen matched controls (7 male, 7 female; mean age ± SD= 27.86
± 4.91 years, range = 21–39 years) took part in a control experiment in
which the visual properties of the stimuli were altered. All participants
reported their sex/gender aspart of routine demographic information.
Sex/genderwas not used as a factor in the studydesignbecausewehad
no specific hypotheses regarding sex- or gender-related effects, and
our sample size was insufficient to performmeaningful sex- or gender-
based analyses. All participants were naïve to the purpose of the
experiment, provided written informed consent prior to participation,
and were monetarily compensated. The study was approved by the
researchethics committees of theUniversity of Toronto andMcMaster
University. Prior to testing, participants completed a training session
to familiarize themselves with the tasks. Based on poor performance
during fMRI acquisition, we excluded one participant from the control
group, one from the cataract-reversal group, andone fromthe control-
experiment group (see Behavioral Results).

Assessment of visual acuity
The visual acuity was acquired for the cataract-reversal (see Table 1)
and the control subjects undergoing the main experiment using the
FreiburgVisualAcuity Test96,97. Participantswere tested at a distanceof
210 cm from the stimulation monitor (CRTmonitor of screen width of
53.5 cm, and screen resolution of 800 × 600 pixels). The test run
comprised 30 Landolt-C trials that were presented in a random
orientation. The size of the stimuli was adjusted on each trial based on

the previous responses to estimate the most probable visual acuity
threshold by using a maximum-likelihood staircase procedure98. The
participants performed a forced choice task where they indicated the
orientation of the C-stimulus gap (up, down, right, left). The Logarithm
of theMinimumAngle ofResolution (logMar)wasused as ameasure of
visual acuity. During this visual acuity test, the subjects wore the same
corrective glasses they used in the scanner during the fMRI experi-
ment. Therefore, the visual acuity measured represents a corrected
level, reflecting the maximal acuity the subjects could achieve at the
time of the test. The visual acuity of the two groups were compared
using a two-sample t-test. Furthermore, the visual acuity values were
used to conduct correlations with brain data.

Stimuli and procedure for fMRI experiment
Visual stimuli were projected on a screen (frame rate: 60Hz; screen
resolution 1920 × 1080 pixels) behind the scanner. Participants viewed
the screen (distance from head = 45 cm) through amirrormounted on
theMRI head coil. Participants performeda taskduring the experiment
by responding with two MR-compatible response buttons.

The stimulus set included 6 images in each of 5 different cate-
gories: bodies, faces, houses, tools and words (30 images; see Fig. 1A
for illustrative examples of the stimulus set). The images were black
and white pictures (500 × 500 pixels) collected from internet. They
were placed in the center of the screen on a gray (129 RGB)
background.

Before entering the scanner, each participant was familiarized
with the stimuli to ensure perfect recognition. In the fMRI event-
related experiment each trial consisted of the same stimulus repeated
twice. Rarely (10% of the occurrences), a trial was made up of two
different consecutive stimuli (catch trials). Only in this case, partici-
pantswere asked topress a keywith the right indexfinger if the second
stimulus belonged to the living category and with their right middle
finger if the second stimulus belonged to the non-living category. This
procedure ensured that the participants attended and processed the
stimuli. Each pair of stimuli lasted 2 s (850 msec per stimulus inter-
leavedwith 300msec of a blank screen) and the inter-trial interval (i.e.,
fixation cross) was 2 s long for a total of 4 s for each trial (see Fig.1B).
Within the fMRI session participants underwent 5 runs, with the
exception of one control subject that, due to technical issues, under-
went only 4 runs. Each run contained 2 repetitions of each of the
30 stimuli, 6 catch trials and two 20s-long fixation periods without
stimuli (one in themiddle and another at the end of the run). The total
duration of each run was 304 s. The presentation of trials was pseudo-
randomized: two stimuli from the same category (i.e., bodies, faces,
houses, tools and words) were never presented in subsequent trials.
The stimuli deliverywas controlled usingMatlabR2016b (https://www.
mathworks.com) Psychophysics toolbox (http://psychtoolbox.org).

In the control experiment that we ran in a separate group of
participants, the visual properties of the images were altered tomimic
the lower acuity and nystagmus of cataract-reversal subjects. Aside
from image alteration, the procedure was identical to the one descri-
bed for the original experiment. Nystagmus is a condition character-
ized by involuntary, rhythmic eyemovements that can occur in people
who have been treated for bilateral congenital dense cataract (10 of
our cataract-reversals participants had a nystagmus, see Table 1). To
simulate the nystagmus of cataract-reversal participants we applied to
the visual stimulation a pendular movement in the horizontal plane.
The like-nystagmus movement was applied to the image for the total
timeof the presentation (i.e., 850msec) with a frequency of 3.5 hz. The
maximal displacement of each image was of 150 pixels, corresponding
to 3.23 degrees of visual angle (corresponding to the larger gaze’s
displacement among the cataract subjects, see Fig. 2C). Therefore,
each imagewas shiftingof 3.23 degrees in thehorizontal direction for 3
times during the 850msec of presentation. To mimic the lower acuity
of the cataract-reversals group we blurred the original stimulus set,
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applying a lowpass filter.We selected 2 different cutoff levels: 10 cycles
per degree (CPD) corresponding to a visual acuity of 20/60 (average
acuity level of our cataract-reversal group corresponding to a logMar
of 0.21) and 4.8CPD corresponding to an acuity of 20/125 (lower acuity
level of the cataract-reversal group corresponding to a LogMar of
0.61). Therefore, we created two versions of the control experiment. In
both versions the nystagmus was applied in the same way, while the
level of blurring was either 10 CPD (CON-Blurry 1) or 4.8 CPD (CON-
Blurry 2). These control conditions were included to disentangle the
effects of degraded visual input at testing from the long-term devel-
opmental consequences of early visual deprivation. All these stimuli,
without any compression, can be found in theOSF project (https://doi.
org/10.17605/OSF.IO/BECDR) at this link. A separate group of 14 sub-
jects tookpart inboth versions of the control experiment. Each subject
performed 5 runs of the control experiment-blurry 1 and 5 runs off the
control experiment- blurry 2.

MRI data acquisition
Structural and functional data were acquired at the Sherman Health
Science Research Center (York University, Toronto, Canada) using a
Siemens MAGNETOM 3T PrismaFit MRI scanner with a standard 64
channel head coil. Structural high-resolution T1-weighted MPRAGE
scans were acquired using parallel imaging (GRAPPA factor = 2). The
acquisition parameters for the T1 images included a repetition time
(TR) of 2300ms, echo time (TE) = 2.62ms, voxel size = 1mm isotropic
voxels, number of slices=192, and a flip angle of 9°. Functional scans
were acquired using T2*-weighted echoplanar BOLD imaging. The
acquisition parameters included simultaneous interleaved multi-slice
acquisition using parallel imaging with multiband acceleration = 2,
phase encoding acceleration = 3, TR = 1170ms, TE = 30ms, voxel-size =
2mm isotropic, number of slices = 51, flip angle = 66°, and echo-
spacing 0.68ms. The first four initial scans of each run were discarded
to allow for equilibrium magnetization.

fMRI preprocessing
fMRIdatawaspreprocessed in statistical parametricmapping software
(SPM12 – Wellcome Department of Imaging Neuroscience, University
College London, UK) implemented in Matlab R2016b (Mathworks,
Inc.). Preprocessing steps included slice time correction, EPI alignment
to themean functional imagewith a 2nd degree B-spline interpolation,
co-registration of the functional volumes to the structural image and
normalization to the Montreal Neurological Institute (MNI) template.
For the univariate analysis only, we alsoperformed a spatial smoothing
with a Gaussian kernel of FWHM of sixmillimeters on the volume time
series.

Eye movement extraction from fMRI data
Ten out of our 16 cataract-reversal participants presented nystagmus.
To control for the possible different pattern of eye movement in our
groups, we used DeepMReye, an open source framework for eye-
tracking that does not require a camera. It is based on a convolutional
neural network (CNN) that reconstructs the viewing behavior of indi-
viduals directly from the MR signal of their eyeballs35. At each image
acquisition, DeepMReye captures the multi-voxel pattern of the eyes
and use a CNN to predict the gaze location based on that pattern. To
train the CNN, the researchers required an independent measure of
gaze location,whichwasobtained fromprevious studies using camera-
based eye tracking or fixation targets (see below for further details).
Notably, although independent gaze informationwasnecessary for the
CNN training, it is not required when applying the trained CNN to new
data99.

To obtain the “eye-tracking” results from our fMRI data, we per-
formed the preprocessing using bidsMReye (version
0.3.0 + 24.gbe1f5da.dirty), a BIDS app relying on deepMReye
(@deepmreye) to decode eye motion from fMRI time series data.

The data of each BOLD run underwent co-registration conducted
using Advanced Normalization Tools (ANTs, RRID:SCR_004757) within
Python (ANTsPy). First, each participant’smean EPI was non-linearly co-
registered to an average template. Second, all voxels within a bounding
box that included the eyes were co-registered to a preselected
bounding box in our group template to further improve the fit.

Each voxel within those bounding box underwent two normal-
ization steps. First, the across-run median signal intensity was sub-
tracted from each voxel and sample and was divided by the median
absolute deviation over time (temporal normalization). Second, for
each sample, the mean across all voxels within the eye masks was
subtracted anddividedby the standarddeviation across voxels (spatial
normalization). Importantly, this method can decode gaze position at
a temporal resolution higher than the one of the imaging protocol
(sub-TR resolution)35.

Voxels time series were used as inputs for generalization decod-
ing using a pre-trained model 1 to 6 from deepMReye from OSF. This
model was trained on the following datasets: guided fixations
(@alexander_open_2017), smooth pursuit (@nau_real-motion_2018,
@polti_rapid_2022, @nau_hexadirectional_2018), free viewing
(@julian_human_2018).

For each run the following values were computed: (1) the variance
for the X gaze position; (2) the variance for the Y gaze position; (3) the
framewise gaze displacement; (4) the number of outliers for the X gaze
position; (5) the number of outliers for the Y gaze position; (6) the
number of outliers for the gaze displacement. Outliers were robustly
estimated using an implementation of @carling_resistant_2000.

We used the average amount of gaze displacement across runs,
after excluding the outliers, to test with independent samples T-tests
whether there was a difference in the amount of eye movement
between our groups (Fig. 2C).

We included the variance for the X and Y gaze positions as
regressors of no-interest in our GLM (see next paragraph), to control
for the impact of eye movement on the fMRI data activity.

General linear model
The pre-processed images for each participant were first analyzed
using a general linear model (GLM).

For the univariate analyses, for each subject, a design matrix was
formed using a predictor for each stimulus category (bodies, faces,
houses, tools, words) in each run. These regressors of non-interest
were also added: 1 regressor of no-interest for the catch trials, 6 head-
motion regressors of no-interest, 2 eye movement regressors of no-
interest (the variance for the X gaze position and the variance for the Y
gaze position) and 1 constant.

For the multivariate analyses, for each of the 5 runs we included
40 regressors: 30 regressors of interest (each stimulus), 1 regressor of
no-interest for the catch trials, 6 head-motion regressors of no-inter-
est, 2 eye movement regressors of no-interest (the variance for the X
gaze position and the variance for the Y gaze position) and 1 constant.
From the GLM analysis we obtained a β-image for each stimulus (i.e.,
30 pictures) in each run, for a total of 150 (30 × 5) beta maps.

Statistical procedure and brain masks for TFCE correction
For each one-sample t-test within-group and two-sample t-tests per-
formed to compare the effects between groups, results were corrected
using the non-parametric threshold free cluster enhancement (TFCE)
method combined with a FWE correction100.

All univariate and searchlight analyses in the paper were run
whole brain. But the threshold free cluster enhancement (TFCE) cor-
rection for the two-sample t-tests was applied within specific masks,
based on a-priori hypotheses. We were a priori interested in how our
visual stimuli were processed for their low-level visual features and for
their high-level categorical visual properties. We therefore created a
mask including the primary visual cortex (V1) and the ventral occipito-
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temporal cortex (VOTC) by combining these regions from the JuBrain
Anatomy Toolbox bilaterally (a.k.a. SPM Anatomy Toolbox - v2.2b101:
theHuman occipital cytoarchitectonic area 1, hOc1102, Area FG1 situated
in the posterior and medial regions of the fusiform gyrus, Area FG2
located in the posterior fusiform gyrus and extending to the occipito-
temporal sulcus, Area FG3, anterior to FG1, placed in the medial fusi-
form gyrus and expanding till the collateral sulcus103 and Area FG4,
anterior to FG2, including the lateral portion of the fusiformgyrus (FG)
and extending to the occipito-temporal sulcus103. For a similar par-
cellation of the human ventral visual stream see also ref. 104. These
masks can be found at this link, on the OSF project (https://doi.org/10.
17605/OSF.IO/BECDR) linked to this work.

We chose not to average multivariate values within those anato-
mical ROIs (V1 and VOTC), but instead used searchlight analysis to
preserve the spatial richness of the data. Nonetheless, since our focus,
especially for groups’ comparisons, was on early visual cortex (V1) and
occipito-temporal cortex (VOTC), we applied thesemasks for multiple
comparisons correction, in order to constrain inference to theoreti-
cally relevant areas.

The correction was applied either across the full mask, including
bilateral V1 and bilateral VOTC (for univariate analysis and split-half
analysis), solely in the VOTCmask (for RSAwith categorical model and
5-way categorical decoding), or exclusively in the V1 mask (for RSA
with Hmax-C1 model and within-category decoding), based on a priori
hypotheses that are explained in each respective section below.

Univariate analysis
Using SPM12 we computed within and between groups contrast
maps comparing (1) all visual stimuli vs baseline; (2) bodies vs all other
categories; (3) faces vs all other categories; (4) houses vs all
other categories; (5) tools vs all other categories; (6) words vs all other
categories. Since the last contrast did not show any activation across
groups, even at a low correction threshold, we also ran and reported
the contrast words > houses. These contrast images were further spa-
tially smoothed with a Gaussian kernel of 6mm FWHM before con-
ducting group-level analyses. They were input into a series of
corresponding one-sample t-tests within each of the four groups and
two-sample t-tests between each possible group comparison (SI Fig. 1
for visual stimuli vs baseline and Fig. 3 & SI Fig. 2 for all other con-
trasts). Maps are shown at voxel-wise p <0.001, uncorrected.

Since several regions within the VOTC are known to show
category-specific selectivity we conducted a supplemental analysis to
examine whether activation in these areas was reduced in cataract-
reversal patients compared to controls. Specifically, we extracted beta
values from 12 predefined ROIs: left and right EBA, OFA, FFA, PPA, and
TOS, as well as the left LOC and left VWFA. We then performed both
frequentist and Bayesian statistical analyses on these values to assess
potential group differences. Furthermethodological details and the full
results of this analysis are reported in the Supplementary Material (For
frequentist statistics see supplemental section ‘Univariate analysis –

ROIs approach & SI Fig. 3. For Bayesian statistics, supplemental section:
‘Bayesian statistics to support similarity in brain data between controls
and cataract-reversal participants‘, SI fig 7 and Supplemental Table 1).

Split-half analysis
We ran a split-half analysis to investigate how reliable/stable were the
patterns of activity produced by the visual stimuli in both cataract and
control subjects and in the two versions of the control experiment.
Further methodological details and results are provided in the Sup-
plementary Information in the section ‘Split-half analysis and SI Fig. 4).

Representational similarity analysis (RSA): high-level vs low
level representational models
We further assessed whether the representational content encoded in
the occipito-temporal cortex differed across groups using RSA31,105.

This analysis was performed using the CoSMoMVPA106 toolbox,
implemented in Matlab R2016b (Mathworks). RSA is based on the
concept of representational dissimilarity matrix (RDM): a square
matrix where the columns and rows correspond to the number of the
conditions (i.e., n 30 image stimuli, therefore amatrix of 30 × 30 in this
experiment) and it is symmetrical about a diagonal of zeros. Each cell
contains the dissimilarity index between two stimuli107. This abstrac-
tion from the activity patterns themselves represents the main
strength of RSA, allowing a direct comparison of the information
carried by the representations in different groups and between brain
and models31,108. Crucially for the present study, RSA allowed us to use
the same set of visual stimuli to isolate both the categorical/high-level
and the visual /low-level representations all along the ventral occipito-
temporal cortex of our participants. For each 100-voxels searchlight
sphere and in each subject, we extracted the RDM, computing the
dissimilarity between the spatial patterns of activity for each pair of
conditions/images. To do so, we extracted the stimulus-specific BOLD
estimates from the contrast images (i.e., SPM T-maps) for all the 30
image stimuli separately. Then, we used Pearson’s correlation to
compute the distance (i.e.,1-r) between each pair of patterns.

Since the RDMs are symmetricalmatrices, for all the RSA analyses
we only used the upper triangular RDM, excluding the diagonal to
avoid inflating correlation values109.

Then, we used Spearman’ s partial correlation to compare the
selective brain representation of each searchlight sphere with two
representational models: a categorical and a low-level visual model.

The categorical RDM (Fig. 4H right side) assumes that image sti-
muli from the same category gather together into 5 distinct clusters
representing the 5maincategories (i.e., (1) bodies, (2) faces, (3) houses,
(4) tools, (5) words).

The Hmax model is a computational model of object recognition
in the cortex that has been designed to reflect the hierarchical orga-
nization of the visual cortex110 in a series of layers from V1 to infero-
temporal (IT) cortex111,112. To build our low-level visual model we used
the output from the V1- complex cells layer (also called C1 layer112. The
inputs for themodel are the gray-value luminance images presented in
the experiment. Each image isfirst analyzed (i.e.,filtered) by an array of
simple cells (S1) units at 4 different orientations and 16 scales. At the
next C1 layer, the image is subsampled through a local Max pooling
operation over a neighborhood of S1 units in both space and scale, but
with the same preferred orientation (Serre et al.112). C1 layer stage
corresponds to V1 cortical complex cells, which show some tolerance
to spatial shift and size (Serre et al. 112). The outputs of all complex cells
were concatenated into a vector as the V1 representational pattern of
each image31,113. We, finally, built the (30 × 30) RDM computing 1-
Pearson’s correlation of each pair of vectors (Fig. 4H left side). The
Hmax-C1 RDM was significantly correlated with the categorical RDM
(r =0.25, p < 0.001). The use of partial correlation between the brain
RDMs and themodels, allowedus to regressout this shared correlation
between the twomodels and to look at the unique correlation between
the brain RDM and each model independently.

For eachmodel, the output correlation values with the brain RDM
were Fisher transformed and assigned to the center voxel of each
searchlight sphere. We, therefore, obtained two separate correlation
brain maps, one for eachmodel. To estimate a group-level statistic we
performed a voxel-wise t-test against baseline, for each group sepa-
rately: the control group, the cataract-reversal group, the control-
blurry1 group and the control-blurry2 group.

We also performed two-sample t-tests to check for differences
between groups. For these groups’ contrasts the TFCE correction was
appliedwithin the V1mask for the correlationswith theHmaxC1-model
and within the VOTC mask for the correlations with the categorical
model (for details about the masks, see the section above: Statistical
procedure and brainmasks for TFCE correction). This choicewas guided
by our a priori expectation—also supported by our within-group
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whole-brain results (Fig. 4 panels A-B-C-D)—regardingwhere these two
models would bemost represented in the brain (i.e., HmaxC1 in V1 and
the categorical model in VOTC).

Decoding analysis between and within categories
We complemented the RSA analyses with two different decoding
analyses, one targeting the categorical representation in VOTC (5-way
categories decoding) and one targeting the low-level visual repre-
sentation in V1 (6-way items decoding for each category). These ana-
lyses were performed using the CoSMoMVPA106 toolbox, implemented
in MATLAB R2016b (Mathworks).

The 5-way categories decoding analysis is similar, on the theore-
tical level, to the RSA analysis testing the relation between brain
representation and the categorical model. In both analyses, we expect
that in VOTC, items from the same categoryhavemore similarpatterns
of activity compared to items from different categories. To fore-
shadow our results, since we observed no differences across control
and cataract-reversals groups in the relation between brain repre-
sentation in VOTC and the categorical model, we decided to carry out
the between-category decoding analysis to corroborate our observa-
tion of no differences across these groups in how VOTC encodes
categories of visual stimuli. However, given the conceptual redun-
dancy of these analyses we placed the 5-way decoding between cate-
gories in the supplemental material (SI Fig. 5).

The 6-way item decoding within (Fig. 5) each category is an ana-
lysis that will, instead, add complementary information to the RSA
analysis with the HmaxC1 model.

In our study, the selection of the categorical model was based on
our own design (we created a stimulus set with 5 well defined cate-
gories). For the low-level visual model, we selected the HmaxC1model
that is well known to fit well the representation implemented in V1111,112.
However, there are many visual features that we could have tested
separately (e.g., rectilinearity/curvilinearity; simple silhouette model;
gist model; etc.), with the downside of inflating the multiple compar-
isons problem. But the 6-way item decoding does not require an
a-priori selection of the low-level feature or model to be tested. In this
case, in fact, the decoding algorithmwill select by itself the features to
use to classify the items. In addition, since this analysis is implemented
within each category (we run 5 independent analyses within 5 different
subsets of data, one for each category),we circumvent the confoundof
partial collinearity between categorical membership and low-level
features (e.g., all faces share similar visual properties).

In all the classification analyses (between- and within- categories)
we ranmulticlass decoding analyses. In the decoding analysis between
categories (5-way category decoding) we tested the discriminability of
patterns for the five categories using a linear discriminant analysis
(LDA). Since categories are known to be represented in VOTC, we
expected that this task would be mostly performed in VOTC. In the
decoding analyses within each category (6-way items decoding for
each category) we tested the discriminability of brain voxel activation
patterns for the six items within each category, using LDA. We run
5 separate analyses, one for each category. Since the low-level visual
features of the items within each category were quite variable, we
expected that V1wouldmostly engage in such image specific decoding
(e.g., the classification of the6 images of bodieswouldbemostlybased
on the different low level visual properties of the 6 bodies)114. We,
therefore, obtained five separate accuracy maps, one for each
category.

In all decoding analyses, we performed a leave-one-run-out cross-
validation procedure using beta-estimates from 4 runs in the training
set, and the beta-estimates from the remaining independent run to test
the classifier, with iterations across all possible training and test sets.
This procedure was implemented in each 100-voxels sphere using a
searchlight approach105,115. Classification accuracy for each sphere was
assigned to the central voxel of the sphere to produce accuracymaps.

The resulting accuracy maps were then smoothed with an 8-mm
Gaussian kernel.

To estimate a group-level statistic we performed a voxel-wise t-
test against chance level, for each group separately: the control group,
the cataract-reversal group, the CON-blurry1 group and the CON-
blurry2 group. We also performed two-sample t-tests to check for
differences between groups. For the groups’ contrasts in the between-
categories decoding analysis, the TFCE correction was applied within
the VOTC mask since we expect this kind of classification to be based
on categorical membership. For the groups’ contrasts in the within-
category decoding analyses instead, the TFCE correction was applied
within the V1 mask because, as mentioned above, we expected that V1
would mostly engage in such image specific decoding. For details
about themasks, see the section above: Statistical procedure and brain
masks for TFCE correction.

Deep neural network analyses
Earlier studies comparing representations between Deep Neural Net-
works (DNNs) and the human brain revealed a spatio-temporal hier-
archical alignment: as DNN layer number increased, DNN
representations exhibited stronger correlation with cortical repre-
sentations emerging later in time, and in progressively downstream
brain regions along both the dorsal and ventral visual pathways34. We
leveraged this alignment to gain further insights into the mechanisms
underlying visual information processing after transient blindness
early in life116.

More specifically, the DNN analyses aim to shed light on how
categorical representations in the VOTC of cataract-reversal indivi-
duals are established despite early visual deprivation. One possibility is
that, following sight restoration, these individuals learn to associate
degraded or impoverished visual inputs with semantic or categorical
information through different learning mechanisms. DNNs offer a
useful framework for testing this second possibility: by simulating
altered visual experience and observing whether high-level categorical
representations can still emerge, we can assess whether exposure to
degraded visual input alone might support the development of
structured representations similar to those observed in VOTC.

To explore the alignment between deep neural network (DNN)
outcomes and human functional magnetic resonance imaging (fMRI)
data, we used AlexNet117.

For more details on the model architecture and data preparation
please refer to Supplemental Material section titled: “ DNN supple-
mental details and analyses”.

Training and testing conditions. Three distinct training and testing
paradigms were designed to model the different visual processing
conditions experienced by our human participants (see the section
about participants and control experiment for a detaileddescriptionof
these conditions in the fMRI experiment):

Intact-to-Intact (‘Control’Network): In this baseline condition, the
network was both trained and tested on standard, unaltered images.
This setup served as the control to assess the network’s performance
under normal visual conditions.

Blurry-to-Blurry (‘Cataract’ Network): For this condition, both
training and testing phases involved images that had been previously
blurred to simulate cataract-like visual impairments. The blurring was
applied as detailed in the data preparation subsection. This approach
was designed to mimic the visual degradation typical in cataract-
affected vision, allowing us to study the impact of such impairments
on the network’s performance and internal representations.

Note that the blurring only mimics vision after cataract removal,
and not the near-blindness levels prior to the surgery. Based on the
literature described in the introduction, we know that this pre-surgery
deprivation will be particularly detrimental for the development of
responses in early visual cortex due to the existence of an early
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sensitive period. To mimic this aspect of the development in the cat-
aract patients in at least a crude manner, the weights of the first con-
volutional layerwere frozen (i.e., not trained) during the training phase
of the Cataract-like network.

Intact-to-Blurry (‘Control-Blurry’ Network): Here, the network was
trained on standard, unaltered images but tested on blurred ones. This
paradigm simulates the experience of the control-blurry conditions,
where individuals with normal vision were presented with blurred
images. The application of the Butterworthfilter for testingmirrors the
procedure used in the Blurry-to-Blurry condition.

Features extraction. All the DNN activations in this study were
extracted from the layers ‘features.1’, ‘features.4’, ‘features.7’, ‘fea-
tures.9’, ‘classifier.2’ and ‘classifier.5’ during the testing phase on our
5-categories dataset. These layers were selected to span a progression
from early to late stages of visual processing within the network.
Specifically, features.1 is the ReLU activation following the first con-
volutional layer and is used to capture early, low-level visual repre-
sentations; this layer is referred to as the V1-like layer. At the other end
of the hierarchy, classifier.5—the ReLU activation following the penul-
timate fully connected layer—was chosen to reflect high-level catego-
rical representations and is referred to as the VOTC-like layer. The
intermediate layers (features.4, features.7, features.9, and classifier.2)
provide a graded continuum of representational complexity, enabling
a more detailed characterization of how visual information evolves
across the network.

Analyses. Our goal was to apply the same analytical approaches used
for the fMRI data, namely RSA and decoding, to the DNN data. In the
main text, we report the results of the decoding analyses (between- vs.
within-category), which we believe are better suited to address our
hypotheses in this context. The RSA analysis, on the other hand, relied
on the Hmaxmodel, and since early layers of both HMAX and AlexNet
are computational models of early visual cortex, they are naturally
correlated. As a result, this comparison may offer limited additional
insight and is therefore included only in the Supplemental Material
(see also SI Fig. 9B). Additionally, we performed a direct correlation
between the RDMs from brain ROIs and RDMs extracted from DNN
layers (in the intact-to-intact DNN condition). This analysis is reported
in the Supplemental Material (see also SI Fig. 9C).

Between- and within-category decoding analyses in different lay-
ersandconditionsof theDNN. For eachDNNcondition,we replicated
the decoding analyses previously conducted on the brain data. We
followed the exact same procedure described for the fMRI data (see
‘Decoding Analysis’ in the Methods section), with the only difference
being that we used activations extracted from various DNN layers
instead of brain activity patterns.

To focus on the most relevant comparisons, we restricted our
decoding analyses based on findings from the biological data andprior
knowledge. Specifically, for the between-category decoding, we ana-
lyzed activations across the full rangeofDNN layers, from theV1-like to
the VOTC-like layers, based on the assumption that both low-level and
high-level stimulus properties can contribute to this type of categor-
ization. In contrast, for the within-category decoding, we focused on
the V1-like and intermediate layers, as this analysis revealed effects
primarily in early visual regions in the brain.

We implemented non-parametric permutations to conduct sta-
tistical analyses. For each layer/condition, we determined the statis-
tical difference from zero using a permutation test with 10,000
iterations. This involved constructing a null distribution for the clas-
sification values by computing them after randomly shuffling the
conditions’ labels.

Additionally, we assessed the statistical difference between each
group-like condition using a permutation test. We generated a null

distribution for the difference in classification values of the two con-
ditions by computing the difference after randomly shuffling the
conditions’ labels, repeating this step 10,000 times.

To determine the statistical significance of our results, we com-
pared the observed result to the null distribution. This comparison
involved calculating the proportion of observations in the null dis-
tribution that had a value higher than the one obtained in the real test.
To address multiple comparisons, all p-values were corrected using
false discovery rate (FDR)118.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Raw f/MRI data are not publicly available as full anonymity of the
participants cannot be guaranteed, even after defacing theMRI images
and due to the lack of explicit consent from our participants. Pre-
processed data, brain masks and statistical outputs can be found on
OSF: https://doi.org/10.17605/OSF.IO/BECDR. Source data for any
other graph are provided with this paper. Source data are provided
with this paper.

Code availability
Codes used to process the data can be found on GitHub: https://
github.com/SteMat9787/Neurocat3119.
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