Network decoding for multi-subject archetypal analysis
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Fig. 5 Each heatmap shows subject-by-subject similarity of temporal coefficients for a given archetype. Similarity was computed as the Pearson correlation be-
tween subjects’ time-varying archetype weights after within-subject z-scoring. The resulting similarity matrices were hierarchically clustered using average
-We performed spatial and tem poral . linkage on Euclidean distances between correlation rows. Cluster boundaries (black lines) mark subgroups of subjects with correlated temporal expression
patterns. Purity was quantified as the proportion of subjects within each cluster sharing the same experimental condition; archetypes exceeding purity > 0.55
were considered condition-specific “winners.” Associated brain maps depict spatial weights of these high-purity archetypes, colored by Yeo-7 network assign-
ment and scaled by relative node contribution. Adjacent pie charts summarize each archetype’s network composition. Reverse inference results from Neu-
rosynth reported, and word size is scaled by term similarity.

- 108 participants in an fMRI study each participated in 1 of 3 experimental
conditions: intact, word-scrambled, or rest (Simony et al., 2016)

- We calculated MS-AA on both within and across conditions.

-We assessed our model using cross validated timepoint decoding using an

increasing number of archetypes.
d.

MS-AA for k archetypes, with-in con-
ditions.
- We used the resulting reconstructed
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Fig. 2 a. Participants lay in the scanner for ~10 minutes while functional data were collected. b. Par- 10 25 50 #a1rggety:°‘;s 25 50 100 T:: -Temporal archetypes outperform spatial archetypes in decoding task within-in conditions for subjects and
ticpants were randomly assigned to1 of 4 experimental conditions (paragraph-scrambled was excluded : : - : . .
due to shorter scan time.) The experimental conditions varied systemically in cogntive “richness” with Fig. 4 Decoding accuracy of task condition from archetype time-series model orders, showmg that dynamlc network transitions—not static connect|V|ty patterns—carry the
audio recording of the story Pie Man by Jim O’Grady. We applied HTFA (Manning et al., 2018) to obtain (spatial; left) and spatial reconstructic?ns (temporal;.middle) asa function most discriminative information about ongoing Cognitive state.
700 node activities for every participant. c. We computed MS-AA for with-in (spatial and tempora AAI) of moc.lel order. Accuracy increased Wfth k, with maximal decoding at k =
and across (spatial AA) conditions, and then we randomly assigned participants in each conditiontotwo 100 using temporal archetypes. Each line shows mean * SE across repeti- References: . | o . .
groups. d. We compared the groups’ activity patterns (using Pearson correlations) to estimate the story tions (n = 50). Decoding was also performed on the z-scored data (base- Hinrich, J. L., Hansen, L. K., & Mgrup, M. (2016). Archetypal analysis for modeling multi-subject fMRI data. Neuroinformatics, 14(2), 163-176.
fimes for each corresponding pattern. Timepoint decoding was berformed using correlation-based line, right). Manning, J. R., ,et al. (2018). A probabilistic approach to discovering dynamic full-brain functional connectivity patterns. Neurolmage,180, 243-252.

! hind b . pf | gdp f.f g P J P 9 p| . . bsite: the-brain-lab.aithub.i Simony, E., Honey, C. J,, Chen, J., & Hasson, U. (2016). Uncovering stimulus-locked network dynamics during narrative comprehension. Nature Communications, 7(12141), 1-13
matching between in-fold and out-or-told averages. ease visit our website: the-brain-la 'glt up.Io Stone, E., & Cutler, A. (1996). Archetypal analysis of spatio-temporal dynamics. Physica D: Nonlinear Phenomena, 90(3), 209-224.



