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Fig. S2. Dissimilarity structure in the hIT and similarity judgments. (A) Average representational dissimilarity matrix across subjects and days for the unfamiliar
images in the hIT. (B) Dissimilarity matrix for judgments, averaged across subjects. (C and D) Multidimensional scaling of the representational dissimilarity
matrices. Multidimensional scaling projects a high dimensional space of the representational dissimilarity matrices on a 2D plane in which the distance between
each pair of objects reflects the dissimilarity of their activity patterns (C) or the perceived dissimilarity (D). The multidimensional scaling was performed using
metric stress criterion on the correlation distances (1 minus Pearson correlation).
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Fig. $3. Detailed replicability and individuation effects for brain regions and their brain-to-behavior relationships. (A) Replicability and individual uniqueness
of brain representations. Bars show the average within-subject (black) and between-subject (gray) RDM replicabilities (always between scanning days 1 and 2).
The error bars show the standard deviation of the average replicability for bootstrap samples of subjects. Light blue bars indicate individuation effects (brain
i-index), tested by randomization of the subject labels of the subject similarity matrix. (B) Replicability and individual uniqueness of brain-to-behavior re-
lationship. Bars show the average within-subject (black) and between-subject (gray) RDM correlation between the brain regions and the similarity judgments.
Green bars show the brain-to-behavior individuation (i.e., within- minus between-subject brain-to-behavior RDM correlation). Stars indicate significance as
defined by the P value legend (Lower). The P values are Bonferroni-adjusted for multiple testing. For summary ROIs EVC and hIT, for which we had prior
hypotheses, Bonferroni adjustment was performed for two tests. For the other five ROIs, Bonferroni adjustment was performed for five tests.
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Fig. S4. Within- and between-category representational geometries. All analyses analogous to Fig. S3A, but performed separately for the within-category and
the between-category representational geometries. (A) Within-category representational geometries. There is evidence for individually unique within-cate-
gory representations in EVC, hiIT, V1, LOC, and FFA for familiar as well as unfamiliar object images. (B) Between-category representational geometries. There is
evidence for individually unique between-category representations in hIT when the objects were unfamiliar, but such no evidence when the objects were
familiar.
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Fig. S5. Summary of results for within- and between-category effects. Significant results are marked with a checkmark (the checkmarks for the replicability
results indicate significant within-subject replicabilities). Checkmarks indicating important novel results are in red. Nonsignificant results are marked with an X.
RDM correlation values, their Bonferroni-corrected P values, correlation differences, and their Bonferroni-corrected P values are reported also. bs, between
subject; ind, i-index; ws, within subject. For EVC and hIT, where we had specific hypotheses, results were considered significant (checkmarks) at P < 0.025
(corrected for two tests). For the five smaller ROIs, results were considered significant at P < 0.01 (corrected for five tests).
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Fig. S6. RDM comparisons for identical image sets. (A) Subject similarity matrix for the unfamiliar images. Each subject’s RDMs are compared with those of
every other subject across days and are entered in a subject similarity matrix. The diagonal elements of the subject similarity matrix (black cells) refer to the
within-subject RDM replicability across scanning days. The off-diagonal elements (gray cells) refer to the between-subject RDM replicability across days. (B)
Subject similarity matrix for the familiar objects. The subject RDMs comparisons are restricted within pairs of subjects who viewed each other’s personally
meaningful objects. The pairing of the subjects allowed the comparing of RDMs for 18 personally meaningful images per subject in the absence of stimulus
confounds. (C) Schematic example of the within-pair comparison for the familiar objects. For the second subject of the pair, the order of the rows and columns
of the RDMs was altered so that the RDMs are image-matched across subjects.
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Robustness of effects to changes in ROI size. The panel layout of this figure parallels that of Fig. S3. Analyses here are restricted to EVC and hiT, but
shown for many different ROI sizes. (A) Brain representational replicabilities and individuation effects are robust to changes of ROI size. For EVC and hIT, we
find replicabilities of the representational geometries increasing with ROI size up to an ROI size of about 320 voxels. At this ROI size, replicability tends to
stabilize. This holds for within- and between-subject replicability and for unfamiliar and familiar images. Individuation effects, similarly, appear quite robust to
changes of ROI size. (B) Brain-behavior relationships and individuation effects are similarly robust to changes of ROI size.
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Fig. S8. Average regional activation. We conducted a further analysis to investigate how regional activation interacted between novel and familiar images
and between scanning days in our ROIs. To calculate the activation levels for each day and subject, we averaged the percent signal change estimates across
voxels and across unfamiliar and familiar images. We compared activation levels using a Wilcoxon signed rank test across subjects. Asterisks indicate significant
activation differences. In V1, LOC, FFA, and PPA, we observed significantly stronger blood oxygen-level-dependent (BOLD) activation between scanning days
1and 2. Moreover, in the early visual cortex ROIs (V1 and V2) we observed significantly stronger BOLD activation for the unfamiliar images than for the
familiar images.
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Fig. S9. Definition of the ROIs using surface-based alignment. Cortical reconstruction and volumetric segmentation was performed with the FreeSurfer image
analysis suite (http:/surfer.nmr.mgh.harvard.edu/), which is documented and freely available for download online. (A) We computed the group-average
cortical surface by averaging the surfaces, curvatures, and volumes from our set of subjects. The average surface is constructed by computing the Talairach
coordinate at each vertex for each subject. These coordinates then are mapped into the common surface space and averaged together so that the coordinate
of a vertex in the common surface space is the average of the Talairach coordinates from the corresponding surface locations of the individuals. (B) Surface-
based alignment of the subjects’ reconstructed surfaces then was performed to align each subject’s surface to the average surface. (C) Anatomical labels (hIT,
EVC) then were drawn manually on the average cortical surface. (D) The realignment parameters of the aligned individual subject surfaces were used to project
these anatomical labels in each subject. For each subject, the FreeSurfer RAS coordinate space was transformed to SPM voxel space in which all remaining
analyses were conducted.

Charest et al. www.pnas.org/cgi/content/short/1402594111 12 of 12


http://surfer.nmr.mgh.harvard.edu/
www.pnas.org/cgi/content/short/1402594111

