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Key Takeaway: Meta-Topic Latent Dirichlet Allocation (MT-LDA) converts stochastic single-run LDA into a reproducible, quality-
controlled map of gut communities, aligning 1,000 fits and gating each reported community through a cross-seed consistency screen.
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Latent Dirichlet Allocation
(LDA) is used to identify co-
occurrence communities
related to the gut-brain axis in
Alzheimer's disease (AD), but
it has a notable reproducibility
Issue. The stochastic nature
of the fitting process can lead
to relabeling of communities
across different runs, and
standard one-model
workflows do not provide a
stability diagnostic. As a
result, it is difficult to
determine whether a
community Is genuine or
merely an artifact. We
developed Meta-Topic LDA
(MT-LDA) to standardize
microbiome discovery across
various AD and gut
microbiome cohorts. We
identified five competitive
exclusion relationships from
the GAINS cohort across the
AlzBiom and cMD cohorts.

MT-LDA defines a transferable protocol
with stability safeguards at each stage.
We applied it to GAINS stool shotgun
metagenomes, comprising 274
metagenomes from 119 subjects,
including 47 AD cases and 227
controls. We ran 1,000 independent
LDA fits; for each seed, K was set by
LDA Tuning (CaoJuan2009 density,
Arun2010 divergence; K from 3 to 100
in steps of 3), yielding data-driven K
values from 21 to 96 (median 48).
Communities were aligned label-free
and AD-blind by Jensen-Shannon
nearest-match clustering with a
Hungarian consensus step, opening a
meta-topic when no match cleared the
threshold. LinDA estimated per-
community differential abundance as a
feature selection mechanism. A cross-
seed reproducibility screen applied a
chi-square direction-bias test against
the pooled base-rate null (Benjamini-
Hochberg-adjusted), a 70% consistency
floor, and recurrence above 500 across
1,000 seeds.

A Meta-topic assignment

48,351 topics in 118 meta-topics; 22 robust labeled; purity 0.89 (62x chance)
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2 Alignment quality

match of each topic to its meta-topic (median 0.91)
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The framework delivered quality-controlled features.
Aligning 48,351 per-seed communities yielded 118
reproducible meta-topics (mean alignment quality: 0.89;
median: 0.91). The direction-consistency screen retained
22 robust meta-topics that recurred in 512 to 1,000 of
1,000 seeds with 77% to 100% consistency, distinguishing
reproducible signal from initialization artifacts.

MT-LDA converts unstable
single-run LDA into a
reproducible, quality-
controlled community map
by aligning 1,000 fits and
gating the output on cross-
seed direction consistency.
The framework
distinguishes reproducible
signal from artifact,
recovers bidirectional AD
reorganization, and
separates context-
consistent from context-
dependent species,
offering a standardized,
benchmarkable quality-
control framework for
microbiome features
across AD cohorts.
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