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- We hypothesize that distinct network patterns correspond to characteristic 
archetypal con�gurations of large-scale brain networks.

- We extended classical archetypal analysis (AA) to multi-subject fMRI data, op-
timizing archetypes jointly across subjects while preserving individual coe�-
cients.  This approach captures high-variance, condition-speci�c network con-
�gurations beyond mean-based methods like ICA or PCA.

- We applied our approach to an fMRI dataset collected as participants listened 
to a 10 minute story with di�erent listening conditions as well as rest.
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Archetypes Z = vertices of the convex hull 
capturing the extremes of the data cloud.

Any sample is a 
convex combination
 of Z

xt 

xt ≈ Σjajt· Zj  with ajt ≥ 0, Σj ajt = 1

Columns of A (k × T) are non-negative, 
column-stochastic weights.
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A₁ (k × T) -  subject 1 weights over time:

A₂ (k × T) - subject 2 weights over time:

A₃ (k × T) - subject 3 weights over time:
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Fig. 1 Schematic of the AA model. Each subject’s data matrix Xi(timepoints × nodes) is represented as a 
convex combination of k archetypes (Z), shared across participants. Subject-speci�c coe�cient matrices 
Aicapture how each archetype �uctuates over time. Multi-subject AA (Hinrich et al., 2016) constrains ar-
chetypes to span a shared convex hull across subjects, yielding group-level components that capture 
population-level extremes in spatial and temporal patterns.

-Multi-Subject Archetypal Analysis (MS-AA) captures population-level extremes in brain network con�gu-
rations, decomposing fMRI data into shared spatial (network maps) and subject-speci�c temporal 
(time-varying expression patterns) archetypes. 

-Condition-speci�c archetypes emerged for intact, word-scrambled, and rest states—identi�ed through 
subject-by-subject similarity clustering and network purity analyses. High-purity “winning” archetypes re-
vealed distinct large-scale network engagements validated via Neurosynth functional decoding.

-Temporal archetypes outperform spatial archetypes in decoding task within-in conditions for subjects and 
model orders, showing that dynamic network transitions—not static connectivity patterns—carry the 
most discriminative information about ongoing cognitive state.

Fig. 3 (Left) Spatial archetypes capture prototypical temporal patterns. 
Each archetype corresponds to an extremal time series with associated 
brain-wide coe�cients (gray-scale node maps) indicating how strongly 
each region expresses that temporal pro�le. (Right) Temporal archetypes 
describe spatially distinct patterns of network coactivation. Each archetype 
is de�ned by a characteristic spatial map (red–blue node weights) and a 
corresponding set of time-varying coe�cients (gray coe�cient matrix) 
showing how expression of each archetype �uctuates over time. Coe�-
cient matrices sum to one.
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-We can also look across all subjects (and all conditions) to perform archetypes.  This allows 
us to compare coe�cients across conditions. 
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Fig. 5 Each heatmap shows subject-by-subject similarity of temporal coe�cients 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 
linkage on Euclidean distances between correlation rows. Cluster boundaries (black lines) mark subgroups of subjects with correlated temporal expression 
patterns. Purity was quanti�ed as the proportion of subjects within each cluster sharing the same experimental condition; archetypes exceeding purity > 0.55 
were considered condition-speci�c “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. 

Fig. 6 (Top) Timepoint decoding was performed 
on across-condition MS-AA reconstructions using 
correlation-based template matching between 
in-fold and out-of-fold subject averages. Accuracy 
was computed as the proportion of correctly 
matched timepoints between folds. Decoding was 
repeated for each K  and averaged across 50 repe-
titions. (Bottom)Combined “winning” archetypes 
were reconstructed by concatenating all high-pu-
rity (>.55) archetypes across conditions before de-
coding.
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Fig. 2 a. Participants lay in the scanner for ~10 minutes while functional data were collected. b. Par-
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 
audio recording of the story Pie Man by Jim O’Grady. We applied HTFA (Manning et al., 2018) to obtain 
700 node activities for every participant.  c. We computed MS-AA for with-in (spatial and tempora AAl) 
and across (spatial AA) conditions, and then we randomly assigned participants in each condition to two 
groups. d. We compared the groups’ activity patterns (using Pearson correlations) to estimate the story 
times for each corresponding pattern.  Timepoint decoding was performed using correlation-based 
matching between in-fold and out-of-fold averages.

c.

d.

e.

With-in
Across

- 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.

MS-AA:
shared Z but 
subject-specific Aᵢ

With-in

Across

Fig. 4 Decoding accuracy of task condition from archetype time-series 
(spatial; left) and spatial reconstructions (temporal; middle) as a function 
of model order. Accuracy increased  with k, with maximal decoding at k = 
100 using temporal archetypes. Each line shows mean ± SE across repeti-
tions (n = 50). Decoding was also performed on the z-scored data (base-
line, right).

- We performed spatial and temporal  
MS-AA for k archetypes, with-in con-
ditions.

- We used the resulting reconstructed 
data to assess decoding accuracy.
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- Spatial and temporal archetypes represent complemen-
tary facets of network organization.
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