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Distinct isoform dynamics - switch-like, gradual, and localized - motivate complementary feature selection.
Figure 4: Distinct classes of age-associated isoform dynamics in the hippocampus.

(A) SNAP25 shows a canonical pre- to post-natal isoform switch identified by SPIT.

(B) PALM exhibits a gradual postnatal trajectory captured by spline-based modeling.

(C) RPS4X displays localized late-life shifts recovered by the rescue procedure.

(D) Feature ranking based on correlation and trajectory amplitude highlights both primary and rescued candidates.
Together, these results demonstrate that isoform dynamics span switch-like, continuous, and localized patterns.
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Perform biological interpretation of isoform features to understand region-specific regulatory
mechanisms in hippocampus and DLPFC.

Evaluate feature robustness across independent datasets and brain regions to assess
generalizability.

Explore alternative modeling frameworks (e.g. non-linear methods) to capture complex isoform-
age relationships.
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UpSet plot showing overlap between
SPIT-selected, spline-derived, and
DLPFC-derived features. Most features
are unique to a single set, indicating

0 - that different methods and regions
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dynamics.
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Figure 2. Cross-region prediction reveals limited transferability of
DLPFC-derived isoform aging models.

(A) Models trained and tested on DLPFC show strong predictive
performance.

(B) Direct application to hippocampus results in substantial
performance loss and regression toward intermediate ages.

(C-D) Retraining on hippocampus using DLPFC-derived features
partially improves performance, but predictions remain biased and do
not recover full accuracy.
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