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Abstract

Microbiota composition data are inherently characterized by high sparsity and stochastic
overdispersion, complicating the reliable detection of cohort-level differences. To address
this challenge, this thesis evaluates the capacity of a joint analytical framework, combining
Latent Dirichlet Allocation (LDA) and PERMANOVA, to infer and test global differences
between microbiota cohorts. An in silico generative process coupled with a full factorial
design is implemented to evaluate the pipeline against controlled variations in biological
signal amplitude (A), cohort size (Ng), and the Negative Binomial distribution size
parameter (ϕ). By exclusively simulating the cohort effect on the latent topic prevalence
matrix (Γ), this framework isolates the statistical behavior of the pipeline from the
confounding factors of empirical datasets.

The systematic evaluation reveals a crucial functional decoupling between latent space
reconstruction and statistical testing. First, the structural fidelity of the LDA inference
is primarily dictated by overdispersion; extreme variance (ϕ ≤ 1) degrades the accuracy
of the inferred matrices, a degradation that increased cohort recruitment alone cannot
fully compensate for. Despite this, the downstream statistical testing phase demonstrates
consistent reliability. The framework maintains a controlled Type I error rate (oscillating
around 5%), ensuring that extreme overdispersion does not translate into spurious cohort
separations. Furthermore, the statistical power is primarily governed by the biological
effect amplitude and cohort size, exhibiting compensatory dynamics that facilitate accurate
detection provided the biological contrast is pronounced or sampling is sufficient. Conse-
quently, this thesis quantitatively maps the operational limits of the LDA-PERMANOVA
pipeline, providing data-driven guidelines for the experimental design of future microbiota
studies.
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1. Introduction

1.1 The Human Microbiota: Ecological Foundations
and Health Implications

Microorganisms, particularly bacteria, are omnipresent across terrestrial ecosystems,
displaying significant abundance and diversity The understanding of this microscopic
world has continuously evolved since the initial observations by Antonie van Leeuwenhoek
in the 17th century. While historical research initially focused on the pathogenic nature
of microbes, notably through the foundational work of Robert Koch and Louis Pasteur,
the scientific perspective has progressively broadened. It is now established that bacteria
fulfill diverse and essential functional roles that extend far beyond disease transmission
(Berche 2007; Berg et al. 2020; Opal 2010).

This conceptual evolution led, in 2001, to the first formal definition of the term micro-
biota by Lederberg and McCray (2001). This concept denotes the specific ecological
community of commensal, symbiotic, and pathogenic microorganisms that share a defined
environmental space.

The relevance of these communities is particularly evident within the human body. Recent
quantitative estimates illustrate this extensive presence: the human body appears to
harbor slightly more bacterial cells than actual human cells, with an estimated ratio of
approximately 40× 1012 bacterial cells to 30× 1012 human cells (Sender et al. 2016).

This paradigm shift led Lederberg and McCray (2001) to formally define the micro-
biome as the specific ecological community of commensal, symbiotic, and pathogenic
microorganisms sharing a defined environmental space. Definitions have since evolved and
proliferated (Berg et al. 2020). For the purposes of this study, the microbiome is defined
as encompassing both the microbial community and its entire functional environment,
including all of its genomes (Berg et al. 2020; Liu 2016). Within this broader ecosystem,
the specific collection of living microorganisms is called the microbiota.

The significance of these microbial populations is highly pronounced within the human
body. Recent quantitative estimates indicate that the human host harbors slightly more
bacterial cells than human cells, with a ratio of approximately 40 × 1012 to 30 × 1012

(Sender et al. 2016).

Consequently, the human host is conceptualized as a "supra-organism" or holobiont,
sustained by a network of coexisting microbial communities (Turnbaugh et al. 2007).
These localized ecosystems, including the gut, skin, and vaginal microbiota (Figure 1.1),
interact dynamically with the host and with one another. Despite these interactions, each
anatomical niche maintains a distinct composition and functional profile shaped by its
local environment (Hou et al. 2022). Furthermore, these resident bacteria exert essential
physiological effects, driving processes such as the degradation of complex compounds,
the maturation of the immune system, and metabolic regulation (Belkaid and Harrison
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2017; Fan and Pedersen 2021).

Figure 1.1: Human microbiota composition across different anatomical niches.
The predominant bacterial taxa are specific to their local environment, such as the oral
cavity, respiratory tract, skin, gut, and vagina. Reproduced from Hou et al. (2022).

Since optimal host health relies on this symbiosis, the disruption of this microbial equi-
librium, termed dysbiosis, can lead to adverse health outcomes. In the gut, for instance,
dysbiosis is associated with chronic inflammatory conditions, such as Crohn’s disease
(Manichanh et al. 2012), and obesity (Fan and Pedersen 2021). Within the vaginal
microbiota, such imbalances are associated with severe obstetric complications, including
preterm birth and miscarriage, as well as an increased host vulnerability to infections,
notably HIV (Symul et al. 2023).

In light of these health implications, the study of the human microbiota has become a
crucial area of research. High-throughput sequencing now enable the capture of its diversity,
generating substantial volumes of data. However, analyzing these datasets involves
navigating a dual biological and statistical reality. Biologically, even subtle variations in
the microbial equilibrium can be associated with significant health consequences (Hou et al.
2022; Manichanh et al. 2012). Statistically, identifying these specific signals of dysbiosis
within raw sequencing outputs is highly demanding due to the inherent high-dimensionality
of microbiota compisition data, which typically feature a large number of variables (taxa)
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relative to a limited number of available samples (Li 2015). Consequently, understanding
the microbiota is no longer solely a biological endeavor, but fundamentally an information
extraction challenge.

1.2 Microbiota Characterization: from Ecosystem to
Count Matrix

Characterizing microbial communities at the host population level relies on the analysis
of biological specimens—such as feces, vaginal swabs, or skin samples—collected from
multiple hosts. These samples potentially represent distinct disease cohorts or study
groups. This characterization is predominantly achieved via high-throughput DNA
sequencing, specifically through targeted amplification of the 16S rRNA gene or shotgun
metagenomics (Knight et al. 2018). Following sequencing, the generated DNA fragments
(reads) are processed to construct a taxonomic abundance table. In the context of targeted
amplicon sequencing, these reads are typically clustered into Operational Taxon Units
(OTUs) or Amplicon Sequence Variants (ASVs), whereas shotgun metagenomics employs
distinct taxonomic profiling methods. Regardless of the methodology, the resulting data
is structured as an N × p count matrix, where the N rows represent the individual
samples and the p columns correspond to the identified taxonomic features. Each cell
within this matrix contains the absolute read count assigned to a specific taxon for a
given sample. While this numerical abstraction is advantageous, transforming complex
ecological ecosystems into tractable mathematical objects, these count matrices inherently
exhibit three fundamental statistical properties that must be rigorously addressed in
downstream analyses (Knight et al. 2018).

The first prominent property is the high sparsity of microbiota count matrices, characterized
by a substantial proportion of zeros. This sparsity arises from two distinct sources.
Biologically, it can reflect the true absence of a specific taxon within an individual’s
microbiota. Technically, it occurs when a bacterium present in the ecosystem is either
not captured during sampling or falls below the sequencer’s detection threshold due to
insufficient read depth (Kaul et al. 2017).

The second fundamental property is that these count matrices typically exhibit overdisper-
sion. Biologically, bacterial abundances are heterogeneous: highly dominant species may
be represented by millions of copies, whereas rarer taxa might be detected at very low
frequencies, even within a stable ecosystem. Technically, the Polymerase Chain Reaction
(PCR) amplification and sequencing processes introduce multiplicative background noise
(McLaren et al. 2019). Consequently, the variance of the observed counts consistently
exceeds their mean (Sankaran and S. Holmes 2019). This overdispersion has critical
statistical implications, notably violating the homoskedasticity assumption required by
standard parametric methods, such as ANOVA or Student’s t-tests. Rigorous data analysis
thus necessitates approaches capable of explicitly modeling this variance or applying ap-
propriate data transformations. Depending on the matrix structure, this involves utilizing
probability distributions specifically adapted to extreme variances: the negative binomial
distribution for raw counts, zero-inflated models to address excess sparsity, or Beta and
Dirichlet distributions to capture the heterogeneity of compositional data (McMurdie and
S. Holmes 2014; Paulson et al. 2013; Ferrari and Cribari-Neto 2004; Forbes et al. 2011).
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Finally, most microbiota studies rely on analysis protocols that do not control for the
multiplicative uncertainty introduced at different sample collection and processing steps
(sampling, dilution, DNA extraction, amplification, and sequencing). Consequently, the
observed counts are, on average, proportional to the true number of bacteria for each
taxon in a sample, but the sample-specific scaling factors linking these observed counts to
the true concentrations remain unknown. This has led to the description of microbiotas in
terms of relative abundances rather than absolute concentrations, and the classification of
data generated with such protocols as compositional. Count data generated under these
conditions can only be reliably interpreted as representing proportions located within a
constrained mathematical space, the simplex, rather than true bacterial concentrations
(Gloor et al. 2017). It is, however, theoretically and technically possible to estimate
absolute abundances through rigorous quantitative tracking at each experimental stage
of the protocol. This is notably achieved via the addition of internal standards (spike-
ins) or by quantifying total bacterial biomass using qPCR. It is expected that future
studies requiring absolute quantification will increasingly adopt these alternative protocols
(Vandeputte et al. 2017; Tourlousse et al. 2017).

Beyond these mathematical properties, downstream analyses must account for the dynamic
nature of the microbiota, whose compositional profile is shaped by numerous intertwined
factors (Debelius et al. 2016). Host-related physiological variables (such as age or immune
status) alongside environmental drivers (including diet, lifestyle factors, pollutant exposure,
and antibiotic use) fundamentally modulate taxonomic colonization and abundance
(Lozupone et al. 2012). These biological determinants are further compounded by technical
variability, which is introduced by varying sampling protocols, primer selection during
DNA amplification, or the specificities of sequencing platforms (Knight et al. 2018).

Collectively, these biological and technical variables constitute the metadata of a study.
These metadata variables frequently account for the systematic variation observed within
microbiota datasets. Given their influence on the data structure (Debelius et al. 2016),
these metadata variables can serve as criteria to stratify samples and divide the study
population into defined cohorts of interest (e.g., grouping by disease status, geographic
origin, or reproductive condition). For instance, macro-environmental variables, such
as geographic origin or shared dietary habits, are often sufficient to induce distinct
microbial signatures (Yatsunenko et al. 2012; Zhernakova et al. 2016). Similarly, purely
methodological variables, such as the use of varying DNA extraction kits across distinct
study centers, can generate technical biases (batch effects) capable of masking true
biological signals (Costea et al. 2017; Wesolowska-Andersen et al. 2014).

Ultimately, translating these high dimension, metadata-rich count matrices into robust
ecological insights necessitates the application of advanced computational methodologies.

1.3 Capturing Latent Biological Structures using Di-
mension Reduction Methods.

To facilitate the interpretation of complex microbiota datasets and their relationship with
metadata variables, analytical approaches initially sought to reduce the high-dimensionality
of count matrices. A standard strategy involved evaluating the global compositional
similarity between samples to partition the dataset into lower-dimensional clusters. This
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method, known as hard-clustering, assigns each microbiota profile to a single, mutually
exclusive category based on its resemblance to a reference signature or dominant taxon.
This rigid classification framework led to landmark concepts such as enterotypes for the
gut microbiota, which categorize communities into three primary groups (Arumugam et al.
2011; Costea et al. 2018), and Community Sub Typess (CSTs) for the vaginal microbiota.
The latter initially distributed samples into five strict groups (Ravel et al. 2011) before
being expanded to 13 sub-communities (France et al. 2020).

While these discrete clusters historically aided in correlating broad biological states with
metadata, their mathematical rigidity is increasingly recognized as a limitation (Sankaran
and S. Holmes 2019). Forcing a complex ecosystem into a single discrete state often fails
to capture the continuous and transitional nature of microbial communities. To mitigate
this lack of flexibility, an alternative approach consists of examining the data through the
lens of mixed-membership partitioning (soft-clustering) (Airoldi et al. 2014). Among these
methods, Topic Modeling, initially developed for Natural Language Processing (NLP),
appears to offer a particularly relevant conceptual framework (Sankaran and S. Holmes
2019).

In classical textual analysis, Topic Modeling algorithms extract latent semantic structures,
referred to as topics, by grouping words that frequently co-occur within a corpus: the
collection of studied documents. Consequently, a document is no longer classified into a
single discrete category. Instead, it is modeled as a mixture of several topics present in
varying proportions (Blei et al. 2003).

The transposition of these NLP concepts to the analysis of microbial communities operates
through a direct analogy. A biological sample is conceptualized as a document, and
the individual taxa (or ASVs) represent the words. Consequently, a latent bacterial
community, is defined as a group of taxa that frequently co-occur across multiple samples,
corresponds to a topic (Sankaran and S. Holmes 2019). This probabilistic framework allows
a single sample to simultaneously contain several distinct sub-communities. Furthermore,
it permits a single taxon to belong to different topics in variable proportions. This
flexibility more accurately reflects the continuous dynamics of biological ecosystems,
where a specific bacterium may occupy distinct ecological niches or participate in varying
metabolic networks depending on its local environment.

Several unsupervised learning algorithms facilitate the application of this concept, with the
most prevalent being Non-negative Matrix Factorization (NMF) (Wang and Zhang 2013)
and Latent Dirichlet Allocation (LDA) (Blei et al. 2003). Fundamentally, these algorithms
are dimensionality reduction methods. They project the original N × p sequencing matrix
into a lower-dimensional latent space defined by a limited number of K latent variables.
Through this process, the data is structured into two complementary matrices: an N ×K
matrix capturing the prevalence of these latent structures for each sample, and a K × p
matrix defining the taxonomic composition of each latent variable.

The specific selection of the LDA model is justified by its capacity to directly accommodate
the statistical properties inherent to sequencing matrices. Unlike NMF, which relies on
linear algebraic factorization, LDA is a generative probabilistic model whose inference is
parameterized by the Dirichlet distribution (Blei et al. 2003; Egger and Yu 2022; Sankaran
and S. Holmes 2019). This mathematical distribution is explicitly designed to model
variables constrained within a simplex (Forbes et al. 2010b), making it naturally suited to
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the compositional nature of microbiota data. Furthermore, its probabilistic framework
explicitly accounts for the sparsity and overdispersion of counts. Consequently, LDA
represents a reliable analytical tool for inferring true biological signals from complex
sequencing datasets (Blei et al. 2003; Sankaran and S. Holmes 2019).

1.4 Testing for Global Cohort Effects via PERMANOVA

While the LDA framework projects the high-dimensional count matrix into a lower-
dimensional latent space, this inference process remains strictly unsupervised. The
algorithm reconstructs probabilistic topic distributions across samples without incorporat-
ing any group-level metadata (Blei et al. 2003). To fulfill the primary objective of this
work, which is to assess if a priori defined cohorts exhibit systematic differences in their
latent topic proportions, a supervised statistical evaluation must be applied a posteriori.

However, traditional multivariate procedures like Multivariate Analysis Of Variance
(MANOVA) are fundamentally inappropriate for this task. They inherently operate
within Euclidean space, a geometry that falsely interprets joint absences (due to sparsity)
of taxa as biological similarity. Furthermore, these classical tests are algebraically re-
stricted by high dimensionality (N ≪ p) and fail to adequately accommodate the strictly
compositional nature of microbiota-derived matrices. Consequently, the Permutational
Multivariate Analysis of Variance (PERMANOVA) framework is introduced to evaluate
whether the grouping covariate accounts for a significant proportion of the variance
observed within the inferred latent space (Anderson 2001). By calculating a pseudo-F
statistic directly from a chosen ecological distance metric (e.g., Bray-Curtis) and employing
distribution-free permutation algorithms, this approach assesses statistical significance
while naturally accommodating the sparse and complex properties of microbial ecosystems
(Anderson 2017).

Together, the sequential integration of LDA and PERMANOVA constitutes an analytical
pipeline for microbiota composition data (Huo et al. 2025).

1.5 Study Overview and Manuscript Structure

Building upon these methodological foundations, the primary objective of this project is
to evaluate whether an unsupervised dimensionality reduction approach, combined with
a supervised a posteriori statistical evaluation, can reliably identify global differences
between a priori defined cohorts. To achieve this, the analytical pipeline must be assessed
against a known ground truth. Thus, microbiota composition data are generated through
in silico simulations. This synthetic generation guarantees complete knowledge of the
underlying ground truth and enables the precise isolation of specific variance parameters.
During this generative phase, sample-specific factors, specifically, the cohort assignments,
are mathematically linked to the generative process to simulate dependencies with topic
prevalence: each cohort is characterized by a distinct topic prevalence profile. This
procedure explicitly conditions the generation of the data on the group metadata, thereby
enforcing a controlled structural difference among the simulated cohorts. Subsequently,
the LDA model is applied to infer the latent thematic structures from the generated
count matrices without access to the group labels. Finally, the PERMANOVA framework
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evaluates whether these inferred latent proportions exhibit systematic variations that are
significantly explained by the original cohort affiliations.

To fulfill these objectives, this work initially details the theoretical and mathematical
foundations justifying the use of these probabilistic models in microbial ecology. It
subsequently outlines the architecture of the simulation and inference pipeline, before
evaluating its reliability and discussing the implications of these results for microbiota
cohort studies.
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2. State of the Art

2.1 Statistical Properties of Microbiota Composition
Data

Datasets generated by high-throughput sequencing of microbial communities exhibit
statistical properties that frequently limit the applicability of standard analytical methods.
Microbiota abundance matrices are inherently characterized by three major structural
constraints: compositionality, sparsity, and overdispersion (Gloor et al. 2017; Sankaran
and S. Holmes 2019). Inadequate accommodation of these properties is identified as a
primary source of statistical bias and false positive discoveries in microbiota research
(Gloor et al. 2017).

2.1.1 Compositionality in Sequencing-Derived Microbiota Com-
position Data

While the true population dynamics within a natural microbial ecosystem are not inherently
compositional, the high-throughput sequencing process fundamentally alters this data
structure. Sequencing platforms impose a maximum read capacity, establishing an
arbitrary total sequencing depth per sample (Gloor et al. 2017). Consequently, absolute
biological abundances are lost; an increase in the read count of one taxon mathematically
constrains the available reads for all others. The resulting matrices are thus projected onto
a simplex space where only relative abundances hold biological meaning, a mathematical
framework formally established by Aitchison (1983).

This structural constraint generates a spurious negative correlation bias among taxa. In
the literature, it is widely recognized that this bias invalidates the direct use of standard
ecological metrics, such as the Bray-Curtis dissimilarity, on raw count data (Gloor et al.
2017). To circumvent these compositional effects, several normalization strategies are
frequently discussed. However, as demonstrated by McMurdie and S. Holmes (2014),
classical approaches exhibit severe limitations when applied directly to microbiota data.
Rarefaction (random subsampling) artificially discards valid observations, leading to an
unnecessary loss of variance and statistical precision (McMurdie and S. Holmes 2014; Gloor
et al. 2017). Furthermore, scaling methods initially developed for transcriptomics, such as
Trimmed Mean of M-values (TMM) or Differential Expression analysis for Sequencing
(DESeq), inherently assume dense matrices (Paulson et al. 2013). Consequently, they
remain largely unsuited for microbiota composition profiles, whose mathematical resolution
is hindered by a second major structural constraint: data sparsity (Hawinkel et al. 2019).
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2.1.2 Sparsity in Microbiota Data: Biological Zeros, Technical
Dropouts

A fundamental characteristic of microbiota composition data is extreme sparsity. As
detailed by Paulson et al. (2013), while transcriptomic matrices are generally dense, mi-
crobiota abundance tables are predominantly populated by zeros. This sparsity originates
from two distinct phenomena: biological zeros, where a taxon is genuinely absent from
the sampled ecosystem, and technical zeros (or dropouts), where a taxon is present but
remains unrecorded due to the arbitrary sequencing depth bottleneck (Paulson et al. 2013;
Gloor et al. 2017).

Consequently, this structural sparsity renders continuous data transformations inade-
quate. Historically, logarithmic functions were frequently employed, either as simple
transformations to moderate variance across taxa (Paulson et al. 2013) or as log-ratio
transformations to project compositional data into Euclidean space (Gloor et al. 2017).
However, because the log(0) function is mathematically undefined, these approaches
necessitated the addition of arbitrary pseudocounts, typically log(x + 1) (Kaul et al.
2017). In highly sparse matrices, this practice distorts the underlying data structure: a
pseudocount disproportionately impacts shallowly sequenced samples compared to deeply
sequenced ones, thereby inducing artificial variation.

As demonstrated by extensive benchmarking studies, applying standard univariate models
to sparse, pseudocount-adjusted data yields excessively high Type I error rates. Such
analytical strategies frequently misclassify technical dropouts as statistically significant
biological absences (Thorsen et al. 2016; Hawinkel et al. 2019).

2.1.3 Overdispersion in Microbiota Count Data: Variance-to-
Mean Excess

Beyond sparsity and compositionality, microbiota abundance matrices are fundamentally
characterized by extreme structural heterogeneity, or overdispersion. From a statistical
perspective, the theoretical baseline for modeling count data is the Poisson distribution,
which assumes that the variance equals the mean (Var(X) = E[X]). However, in micro-
biota composition data, the observed sample variance of taxon counts consistently and
substantially exceeds their empirical mean (S2

X ≫ X̄) (Thorsen et al. 2016; Sankaran and
S. Holmes 2019).

This phenomenon, termed overdispersion, systematically violates the assumptions of stan-
dard Poisson models and classical linear frameworks. Consequently, applying conventional
statistical tests to such data yields diminished power for detecting genuine abundance
differences. Furthermore, unadapted modeling strategies frequently misclassify background
variance as statistically significant, thereby generating false positive biomarkers (Hawinkel
et al. 2019).

To mitigate these analytical artifacts, the robust estimation and simulation of microbiota
profiles require probability distributions capable of accommodating this excess variance. In
this context, compound frameworks such as the Negative Binomial (NB) or the Dirichlet-
Multinomial distribution are indicated to absorb microbiota overdispersion (Blei et al.
2003; I. Holmes et al. 2012; Sankaran and S. Holmes 2019; Symul et al. 2023; Valle et al.
2021).
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2.1.4 Methodological Implications for Multivariate Analysis

The combined structural constraints of compositionality, sparsity, and overdispersion
highlight a critical methodological bottleneck in microbiota analysis. As previously
discussed, relying on classical, unadapted univariate statistics to evaluate taxa individually
across samples yields high Type I error rates and unreliable biological interpretations
(Hawinkel et al. 2019; Thorsen et al. 2016). These limitations indicate that isolating highly
interdependent variables without appropriate compositional transformations remains an
inherently limited approach for microbiota composition data (Gloor et al. 2017).

Consequently, analyzing microbiota profiles frequently necessitates a shift from unadapted
taxon-by-taxon comparisons toward global, multivariate evaluations. To capture the
compositional shifts between different biological conditions, the analytical framework must
assess the community structure simultaneously. This requirement has established distance-
based multivariate hypothesis testing as a standard analytical baseline in microbial ecology
(Robinson et al. 2016; Gloor et al. 2017), enabling the statistical evaluation of global
cohort-level differences.

2.2 Differential Analysis and Distance-Based Multivari-
ate Testing

2.2.1 Multivariate Hypothesis Testing Frameworks

As outlined, the inherent constraints of microbiota composition data require analytical
frameworks capable of evaluating entire microbial structures simultaneously. To address
this need, several multivariate statistical testing methods are available in ecological and
bioinformatic research. Classical approaches, such as MANOVA, operate under the
assumption of multivariate normality and require dense, continuous data structures, and
strictly demand that the number of samples exceeds the number of variables (N > p)
(Anderson 2001; Anderson and Walsh 2013). Consequently, these parametric frameworks
are fundamentally inappropriate for the high-dimensionnal, sparse and overdispersed raw
(untransformed) matrices characteristic of microbiota composition (Hawinkel et al. 2019;
Sankaran and S. Holmes 2019; Paulson et al. 2013). Alternative non-parametric methods,
including Analysis Of Similarities (ANOSIM), rely solely on the ranks of dissimilarities
rather than their actual magnitudes, which can result in a loss of statistical precision
and an inability to accommodate complex multi-factorial experimental designs (Anderson
2001; Anderson and Walsh 2013).

To circumvent these limitations, PERMANOVA, fundamentally developed by Ander-
son (2001), has been established as a widely adopted non-parametric framework for
community-level differential analysis in microbial ecology (Robinson et al. 2016; Gloor
et al. 2017). Unlike standard parametric models, the PERMANOVA framework is flexible
and partitions the variance directly within a user-defined dissimilarity space, such as the
Bray-Curtis dissimilarity or the Jensen-Shannon Divergence (JSD). This approach allows
for the evaluation of global multivariate variations without forcing data transformations
to meet unrealistic assumptions of multivariate normality. Instead, any applied data
transformations (e.g., square-root or logarithmic) serve as deliberate ecological choices to
appropriately weight the contributions of rare versus dominant taxa prior to calculating
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the ecological distances (Anderson 2001).

2.2.2 Mathematical Foundations of PERMANOVA test

The statistical mechanics of the semi-parametric PERMANOVA framework rely on the
calculation of a pseudo-F statistic. This metric quantifies the ratio of mean among-group
variation to mean within-group variation directly from a chosen dissimilarity matrix.
Under the null hypothesis (H0), which postulates the equivalence of group centroids
within the space of the chosen dissimilarity measure, the exact probability distribution
of this statistic cannot be assumed to follow a standard Fisher-Snedecor F -distribution.
This limitation arises from the non-normal properties of ecological data, the inherent
interdependence of response variables, and the frequent use of non-Euclidean distances.
Consequently, significance is assessed through distribution-free permutation procedures.
Assuming the exchangeability of sampling units under a true null hypothesis, sample
labels corresponding to categorical covariates (such as cohort affiliations) are randomly
shuffled across observations to empirically construct the null distribution of the pseudo-F
statistic (Anderson 2001).

While this permutation procedure evaluates true shifts in multivariate centroid positions,
its theoretical validity implies multivariate homogeneity of dispersions across groups.
Fortunately, empirical simulations demonstrate that PERMANOVA remains robust to
heterogeneous dispersions provided the experimental design is balanced (Anderson and
Walsh 2013). However, in unbalanced designs, severe differences in group dispersions
can confound the analysis. In such specific cases, a statistically significant result may
erroneously reflect unequal within-group variances rather than a genuine biological shift
in cohort centroids (Anderson and Walsh 2013).

While the PERMANOVA framework mathematically accommodates the extreme spar-
sity and high dimensionality of microbial counts through appropriate distance metrics
(Anderson 2001), evaluating community structure strictly at the individual taxon level
often obscures higher-order ecological dynamics and compositional interactions (Gloor
et al. 2017). To circumvent the noise inherent to raw feature-level data and to accurately
capture the overlapping sub-communities driving cohort differences, these complex profiles
can be projected into a reduced latent space. Consequently, this ecological requirement has
driven the adoption of probabilistic dimensionality reduction algorithms to complement
global distance-based evaluations (Sankaran and S. Holmes 2019; Symul et al. 2023).

2.3 From Clustering to Mixed-Membership Models for
Microbiota Dimensionality Reduction

2.3.1 The Limitations of Hard-Clustering Approaches

As established, evaluating microbiota composition strictly at the individual feature level
obscures higher-order compositional interdependencies (Gloor et al. 2017). To circum-
vent this limitation and extract interpretable patterns from high-dimensional abundance
matrices, early analytical strategies in microbial ecology relied heavily on strict data
simplification (Robinson et al. 2016). As highlighted by France et al. (2020), rather than
evaluating the individual abundances of hundreds of taxa simultaneously, assigning a single

11



categorical label to an overarching microbial profile provides a more tractable framework
for cohort-level comparisons and statistical modeling. Consequently, this methodological
drive for simplification translated into the widespread application of strict partitioning, or
hard-clustering algorithms, to categorize microbial ecosystems into discrete CSTs (France
et al. 2020; Ravel et al. 2011) or enterotypes (Koren et al. 2013; Costea et al. 2018).

Methodologically, these hard-clustering frameworks rely on the calculation of pairwise
distance or dissimilarity matrices (such as the JSD or UniFrac) between samples, followed
by unsupervised clustering algorithms like K-means, Partitioning Around Medoids (PAM)
(Koren et al. 2013), or hierarchical clustering (France et al. 2020). The primary objective
is to assign each observation to a single, mutually exclusive category, typically representing
a community state dominated by specific taxa (Arumugam et al. 2011).

Despite their historical utility, strict partitioning methods present significant ecological
and statistical limitations. Fundamentally, hard-clustering imposes artificial boundaries
on microbial ecosystems that are inherently distributed along continuous gradients (Koren
et al. 2013; Costea et al. 2018). Summarizing a set of observations solely by cluster
centroids obscures intra-group variance and the subtle compositional architecture of
individual profiles (I. Holmes et al. 2012). Furthermore, these rigid frameworks lack
mathematical flexibility: a sample biologically situated at the ecological boundary of two
community states is forced into a single category (France et al. 2020; Symul et al. 2023).
Consequently, minor technical variations during sequencing or data processing can induce
artefactual reclassifications, abruptly shifting a continuous biological profile from one
discrete analytical group to another (Koren et al. 2013; France et al. 2020).

2.3.2 The Probabilistic Transition: Dirichlet Multinomial Mix-
tures (DMM)

To mitigate the core limitations of rigid boundary imposition inherent to classical clustering,
analytical strategies in microbial ecology transitioned toward probabilistic frameworks.
Originally developed in natural language processing to model heterogeneous word counts
across documents, the Dirichlet Multinomial Mixture (DMM) model was formally adapted
for microbiota composition data by I. Holmes et al. (2012). Instead of relying on geometric
distances, this generative approach explicitly models the underlying biological and technical
data-generating mechanisms.

Within this framework, the multinomial distribution mathematically represents the se-
quencing process itself. It translates true bacterial proportions into discrete reads by
modeling stochastic sampling, thereby natively accommodating variations in sequenc-
ing depth and extreme data sparsity. Concurrently, the Dirichlet distribution models
the natural biological variation among samples belonging to the same metacommunity.
Rather than relying on a fixed and rigid centroid, the Dirichlet distribution defines the
typical compositional profile of a cluster while controlling for the expected variance and
overdispersion around this mean (I. Holmes et al. 2012).

Despite improving the statistical estimation of overdispersed counts, the standard DMM
framework operates fundamentally as a hard-clustering model. It assumes the existence of
multiple discrete Dirichlet metacommunities but enforces the constraint that each sample
originates entirely from one, and only one, of these underlying distributions. Consequently,
this mutual exclusivity remains overly restrictive for accurately capturing the continuous,
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overlapping reality of biological ecosystems (Pappalardo et al. 2024; Sankaran and S.
Holmes 2019).

2.3.3 Topic Modeling: The Mixed-Membership Approach

Because microbial abundances are frequently distributed along continuous gradients
rather than forming discrete natural clusters (Koren et al. 2013; Costea et al. 2018),
strict partitioning frameworks limit the accurate representation of transition states and
overlapping community dynamics (Symul et al. 2023). As highlighted by France et al.
(2020) and Symul et al. (2023), many microbial profiles exist in intermediate compositional
states between defined CSTs. To address this methodological gap, mixed-membership
latent variable models, originally developed for natural language processing, have been
adapted to evaluate microbiota composition (Sankaran and S. Holmes 2019). Among
these approaches, Topic Models, most notably Latent Dirichlet Allocation (Blei et al.
2003), provide a mathematical architecture capable of resolving these continuous biological
structures without imposing artificial boundaries.

Unlike strict partitioning approaches, these models introduce the concept of mixed-
membership. Within this paradigm, latent sub-communities (or topics) are defined by
specific probability distributions over the bacterial taxa. Consequently, samples are no
longer assigned to mutually exclusive clusters. Instead, they are evaluated as continuous
mixtures of these underlying sub-communities (Blei et al. 2003).

For instance, rather than assigning an observation exclusively to a single category (such
as "Cluster 1" or "Cluster 2"), the LDA framework evaluates its profile as a fractional
mixture, such as 70% of "Topic 1" and 30% of "Topic 2" (Blei et al. 2003). This latent
decomposition does not directly equate to raw sequence counts; rather, these mixture
weights are probabilistically inferred from the overall dataset. If a sample contains taxa
X, Y, and Z, the corresponding 70/30 ratio is inferred because Topic 1 is mathematically
defined by a high probability of generating taxa X and Y (learned from their frequent
co-occurrence) whereas Topic 2 is characterized by a higher probability of generating
taxon Z (Sankaran and S. Holmes 2019; Pappalardo et al. 2024).

This analytical granularity enables a more precise representation of the observed biological
continuum (Symul et al. 2023). In empirical evaluations of vaginal microbiota, modeling
samples as continuous mixtures of topics, rather than strictly assigning them to discrete
CSTs, provided a more accurate estimation of the overarching community architecture
while simultaneously reducing the number of required latent dimensions.

However, transitioning from rigid partitioning to mixed-membership paradigms primarily
addresses the biological requirement for continuous representation. To fully capture
microbiota dynamics, the chosen dimensionality reduction framework must also accommo-
date the statistical constraints (sparsity, overdispersion and compositionality) inherent to
high-throughput sequencing data. This dual requirement necessitates a critical evaluation
of the available mixed-membership algorithms.
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2.3.4 Evaluating Soft-Clustering Models: Algebraic (NMF) vs.
Probabilistic Frameworks (LDA)

Non-negative Matrix Factorization (NMF) is one of the most used mixed-membership
methods for dimensionality reduction (Wang and Zhang 2013). Its principle relies on
the factorization of a large abundance matrix V into two lower-dimensional matrices: a
topic matrix (W ) and a proportion matrix (H). However, in its classical form, NMF
remains a purely algebraic and geometric framework. It implicitly assumes that errors are
distributed normally, as the minimization of geometric distances inherently models additive
Gaussian noise (Wang and Zhang 2013). Consequently, this architecture does not natively
accommodate the biological nature of sequencing counts: zeros are treated as absolute
absences (Wang and Zhang 2013), and extreme variance is mathematically captured
as relevant structural information rather than artefactual overdispersion generated by
the sequencing process. Furthermore, as recently highlighted by Duncan et al. (2025),
unmodified NMF fails to address the statistical issues inherent to compositional data,
while standard compositional workarounds (such as log-ratio transformations) directly
violate the strict non-negativity constraint required for its mathematical convergence.

To mitigate these limitations, matrix factorization evolved toward probabilistic generative
models, such as the Gamma-Poisson (GaP) framework (Canny 2004). By employing
discrete probability distributions (such as the Poisson or Negative Binomial distribution)
rather than geometric distances, these frameworks integrate the stochastic nature of
sequence counts. They provide a mathematical architecture capable of accommodating the
overdispersion and extreme sparsity that frequently characterize microbiota composition
data (Sankaran and S. Holmes 2019).

While probabilistic models based on factorization (GaP) and those based on mixed-
membership (such as LDA) appear conceptually adapted to microbiota constraints, their
empirical performances diverge substantially. In a comprehensive benchmarking study
on microbiota composition data, Sankaran and S. Holmes (2019) indicated a consistent
statistical advantage of the LDA model over the GaP model:

• Mathematical identifiability: The GaP framework exhibits a structural lack
of mathematical identifiability. Because its prior distributions are not sufficiently
constrained, the inference process frequently fails to define the appropriate scale
of factorization. Conversely, the LDA architecture is strictly constrained by its
Dirichlet priors, effectively bypassing this limitation.

• Estimation accuracy: Empirical simulations demonstrate that parameter esti-
mation errors for LDA are systematically lower than those for GaP. Furthermore,
LDA accuracy consistently scales with increased sequencing depth and larger sample
sizes.

• Algorithmic convergence: While inference procedures for LDA converge with
high stability, GaP implementations frequently fail to converge or tend to stabilize
around artefactual local optima.

Given this recurrent mathematical instability, Sankaran and S. Holmes (2019) ultimately
excluded the GaP model from their empirical evaluations on real cohort data, effectively
establishing LDA as a more statistically accurate framework for modeling microbiota
dynamics.

14



2.4 Theoretical Model: Latent Dirichlet Allocation
(LDA)

LDA, introduced by Blei et al. (2003), is a hierarchical generative probabilistic model
originally designed to infer latent structures within discrete data collections, primarily text
corpora. Initially developed for NLP, the model evaluates each document as a fractional
mixture of topics, where each topic is strictly defined as a probability distribution over a
vocabulary. This mathematical formalism is directly transposed to microbial ecology: each
biological sample represents a collection of sequencing reads, and these discrete reads are
stochastically generated by underlying functional or ecological bacterial sub-communities,
which correspond to the topics (Sankaran and S. Holmes 2019).

2.4.1 From text corpora to sequencing reads: adapting LDA
nomenclature to microbiota data

To formalize the generative model, the standard LDA nomenclature (Blei et al. 2003) is
adapted to accommodate microbial abundance data (Sankaran and S. Holmes 2019):

• Word (w): The fundamental discrete unit of data. Mathematically, a word is an
element belonging to a vocabulary of size V , represented by a V -dimensional unit
vector. For the v-th word of the vocabulary, the component is wv = 1, while wu = 0
for u ̸= v.

• Document (w): A sequence of N words, denoted as w = (w1, w2, . . . , wN), where
wn represents the n-th word of the sequence.

• Corpus (Dataset): A collection of M documents, denoted as D = {w1,w2, . . . ,wM}.

Within the analytical framework of this study, the word corresponds to the assigned taxon
(or sequencing read), the document corresponds to the individual biological sample, and
the corpus corresponds to the entire experimental dataset.

2.4.2 The Dirichlet Distribution: Simplex Support and Propor-
tional Data Generation

A fundamental characteristic of the LDA framework relies on modeling the fractional
proportions of latent sub-communities (topics) within a sample (Blei et al. 2003; Sankaran
and S. Holmes 2019). The topic prevalence vector, denoted as θ, is modeled by a Dirichlet
distribution parameterized by a K-dimensional hyperparameter vector α:

θ ∼ Dir(α) (2.1)

The Dirichlet distribution is a continuous multivariate probability distribution whose
support is a (K−1)-simplex. Consequently, a single realization from this distribution yields
a prevalence vector whose components are non-negative and sum to one (

∑K
k=1 θk = 1).

This structural mathematical constraint is optimally suited for generating proportional
data. The probability density function on the simplex is defined by:

p(θ|α) = Γ(
∑K

i=1 αi)∏K
i=1 Γ(αi)

θα1−1
1 · · · θαK−1

K (2.2)
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2.4.3 The LDA Generative Process and Joint Distribution

The LDA framework outlines a stochastic generative process for each document w within
a corpus D (Figure 2.1). The steps are defined as follows (Blei et al. 2003; Sankaran and
S. Holmes 2019):

1. Sample the document depth: N ∼ Poisson(ξ).

2. Sample the topic prevalence vector for the document: θ ∼ Dir(α) (Eq. 2.1).

3. For each of the N words wn:

(a) Sample a topic assignment: zn ∼ Multinomial(θ).

(b) Sample a word wn from p(wn|zn, β), representing a multinomial probability
conditioned on the assigned topic zn.

This standard architecture relies on two simplifying assumptions. First, the dimensionality
K of the Dirichlet distribution and the topic variable z is considered known and fixed.
Second, the word probabilities are parameterized by a K × V matrix β, where βkj =
p(wj = 1|zk = 1). For this base formulation, β is treated as a fixed parameter to be
estimated; this constraint is subsequently relaxed in Section 2.4.4.

Given the parameters α and β, the joint distribution of a topic prevalence vector θ, a set
of N topics z, and a set of N words w is formalized as (Blei et al. 2003):

p(θ, z,w|α, β) = p(θ|α)
N∏

n=1

p(zn|θ)p(wn|zn, β) (2.3)

where p(zn|θ) is equal to θk for the unique index k such that znk = 1.

By integrating Equation 2.3 over θ and summing over z, the marginal distribution of a
document is obtained:

p(w|α, β) =
∫

p(θ|α)

(
N∏

n=1

∑
zn

p(zn|θ)p(wn|zn, β)

)
dθ (2.4)

The total probability of the corpus D is then the product of the marginal probabilities of
each document (Blei et al. 2003):

p(D|α, β) =
M∏
d=1

∫
p(θd|α)

(
Nd∏
n=1

p(zdn|θd)p(wdn|zdn, β)

)
dθd (2.5)

16



Figure 2.1: Plate diagram of the standard Latent Dirichlet Allocation (LDA)
model.
The outer plate represents the corpus of M documents (samples), while the inner plate
represents the N words (reads) within each document. White nodes denote latent variables
and parameters, whereas the shaded node w represents the observed discrete data (observed
word / taxon). Specifically, the hyperparameter α parameterizes the Dirichlet prior for
the the document-level topic prevalence vector θ. At the word level, z denotes the latent
discrete topic assignment responsible for generating the observed word w, conditioned on
the fixed topic-word distribution matrix β. Adapted from Blei et al. (2003).

2.4.4 Smoothed LDA: Placing a Dirichlet Prior on Topic Compo-
sition (β)

In the standard formulation of LDA, the topic composition matrix β is treated as a fixed
parameter. To prevent overfitting (specifically, the assignment of zero probabilities to
unobserved taxa during inference) the smoothed model introduces a second Dirichlet prior
(Blei et al. 2003).

In this smoothed architecture (Figure 2.2) the topics become random variables. Each topic
distribution βk is drawn from a Dirichlet distribution parameterized by a V -dimensional
hyperparameter vector η:

βk ∼ Dir(η) (2.6)

The joint probability applied to the entire corpus D then incorporates this smoothing of
the taxon distributions:

p(W,Z,Θ, β|α, η) =

[
K∏
k=1

p(βk|η)

]
︸ ︷︷ ︸

Part 1: Word Smoothing

×
M∏
d=1

(
p(θd|α)

Nd∏
n=1

p(zdn|θd)p(wdn|βzdn)

)
︸ ︷︷ ︸

Part 2: Document Structure

(2.7)

Due to its enhanced capacity to accommodate extreme sparsity and high-dimensional
biological vocabularies, this smoothed framework represents the standard implementation
in contemporary microbiota analyses (Sankaran and S. Holmes 2019). Consequently, this
specific architecture constitutes the core analytical model deployed in the present study.
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Figure 2.2: Plate diagram of the smoothed Latent Dirichlet Allocation (LDA)
framework.
The model is represented by three plates: the outer M plate represents the corpus
of documents (samples), the inner N plate represents the words (reads) within each
document, and a distinct K plate represents the latent topics. White nodes denote latent
variables and parameters, whereas the shaded node w represents the observed discrete
data (observed word / taxon). Specifically, the hyperparameter α parameterizes the
Dirichlet prior for the document-level topic prevalence vector θ, and z denotes the latent
discrete topic assignment responsible for generating the observed word w. Furthermore, a
second Dirichlet prior η is introduced to parameterize the topic distributions βk inside
the K plate, preventing the assignment of zero probabilities to unobserved taxa during
inference. Adapted from Blei et al. (2003).

2.4.5 Posterior Inference: Intractability of the Marginal Likeli-
hood and Approximate Methods

Inference consists of inverting the generative process: starting from the observed variables
(the occurrences of taxa w), the objective is to determine the posterior distribution of the
latent variables θ (the topic prevalence vector per sample) and z (the topic assignments
for each sequencing read):

p(θ, z|w, α, β) =
p(θ, z,w|α, β)
p(w|α, β)

(2.8)

The exact calculation of this posterior distribution depends on the denominator p(w|α, β),
which represents the marginal probability of the observations (Eq. 2.4). This term is
mathematically intractable. The intractability arises from the necessity to compute a
continuous integral over the simplex for θ, strongly coupled with a discrete summation over
an exponentially large number of possible topic assignments (KN possible configurations
for z) (Blei et al. 2003).

To overcome this analytical bottleneck, exact inference is circumvented through approxi-
mate inference frameworks. Two main families of approximation are commonly deployed
in the literature:

• Stochastic approximation (Markov Chain Monte Carlo (MCMC)): Methods
such as Collapsed Gibbs Sampling iteratively sample from conditional distributions
to empirically approximate the posterior distribution.
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• Deterministic approximation: Methods such as Variational Inference (VI) refor-
mulate the inference as an optimization problem, approximating the true posterior
with a simpler, parameterized distribution.

Given the substantial computational cost associated with stochastic methods (such as
MCMC) on large, high-dimensional microbiota datasets, deterministic approaches are often
preferred. Consequently, the Variational Expectation-Maximization (VEM) algorithm is
specifically selected for the analytical framework of this study to optimize computational
efficiency (Sankaran and S. Holmes 2019).

2.4.6 Variational Expectation-Maximization (VEM) Inference

The VEM method is an iterative procedure that alternates two phases until convergence,
maximizing the log-likelihood of the observed data. For a given sample w, consisting of
N reads, this log-likelihood is mathematically expressed as (Grün and Hornik 2011):

ℓ(α, β) = log p(w|α, β) = log

∫ {∑
z

[
N∏

n=1

p(wn|zn, β)p(zn|θ)

]}
p(θ|α)dθ (2.9)

However, the coupling between the latent variables θ (prevalence) and β (composition)
within the summation renders the exact calculation of this integral intractable within a
reasonable timeframe. The VEM method circumvents this problem by maximizing not
the exact likelihood, but a tight lower bound of it (Grün and Hornik 2011).

This deterministic framework alternates two iterative phases until convergence:

1. The E (Expectation) step: The posterior probabilities of the latent variables
(the topic prevalence vectors and topic assignments) are estimated by considering
the global model parameters as temporarily fixed.

2. The M (Maximization) step: These variational estimates are subsequently
utilized to update and optimize the global model hyperparameters (such as α and
β).

By iteratively applying these two steps, the VEM framework provides a computationally
efficient approximation, enabling the application of complex generative models like LDA
to high-dimensional biological matrices (Sankaran and S. Holmes 2019).

2.5 Integrating Covariates into LDA: the Dirichlet-Multinomial
Regression (DMR) framework

Validating a mixed-membership inference pipeline requires a generative architecture that
explicitly encodes latent community structures (Sankaran and S. Holmes 2019; Symul
et al. 2023). Standard simulation frameworks that independently model marginal taxon
distributions (e.g., using Zero-Inflated Negative Binomial (ZINB) models) (Hawinkel et al.
2019) do not satisfy this requirement, as they generate counts without underlying topic
structure for the algorithm to recover. Therefore, the simulation framework developed
here directly extends the LDA generative process.
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In the standard LDA framework, the hyperparameter α, which governs the prior distribu-
tion of the topic prevalence, is static and shared across the entire corpus (Blei et al. 2003).
Consequently, the generative process is strictly unsupervised and does not account for
overarching sample metadata (such as group assignments).

Yet in microbiota studies, such metadata typically encode physiologically or experimentally
relevant groupings (Debelius et al. 2016) (e.g., phenotypic status, dietary intervention, or
other cohort membership) whose association with sub-community structure constitutes
the primary biological question of interest. To theoretically link discrete compositional
data to external continuous or categorical variables, specific extensions to the generative
framework have been developed.

Several probabilistic architectures exist to bridge latent topics and covariates. For instance,
the Structural Topics Model (STM) (Roberts et al. 2014) allows metadata to influence
both the topic prevalence (α) and the vocabulary distribution within these topics (β).
Conversely, models such as Latent Dirichlet Allocation with covariates (LDAcov) (Valle
et al. 2021) condition the total absolute sequence counts assigned to each topic based on
metadata.

However, in the context of microbial ecology, the taxonomic signature (the β matrix) of a
sub-community generally must remain fixed and universal to enable rigorous cross-cohort
comparisons (Sankaran and S. Holmes 2019). Furthermore, absolute sequencing abundance
is frequently considered a technical artifact rather than a direct biological measurement.
To adhere to these structural constraints, the Dirichlet Multinomial Regression (DMR)
framework, introduced by Mimno and McCallum (2012), provides a suitable mathematical
formulation.

Instead of modifying the overarching topic composition, the DMR framework adopts a
conditional approach. It directly conditions the prior distribution of the topic prevalence on
the observed characteristics of each document via a log-linear link function. Mathematically,
the DMR model associates an observed metadata vector xd (e.g., categorical cohort
indicators) with each document d. For each topic k, the model defines a parameter
vector λk of the same dimension as xd. The global concentration parameter α is thereby
substituted by a document-specific vector αd, computed according to the following equation
(Mimno and McCallum 2012):

αd,k = exp(x⊤
d λk) (2.10)

Through this exponential formulation, the concentration parameters are mathematically
guaranteed to remain non-negative, while the λk coefficients can assume negative values
to model a suppressive effect of a covariate on a specific sub-community.

Once the components αd,k are computed to construct the sample-specific prior vector αd,
the generative process resumes exactly as in the standard LDA model: the topic prevalence
vector (θ) for the sample is sampled from θd ∼ Dir(αd). The DMR framework thus offers a
mathematically sound mechanism to integrate metadata into a generative model by shifting
the distributions of topic proportions while maintaining a unified taxonomic vocabulary.
By encoding specific group assignments as covariates, this formulation naturally generates
the distinct structural variations required to simulate differentiated cohorts.
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2.6 Synthesis and Problem Statement

The statistical properties of microbiota sequencing data—namely compositionality, extreme
sparsity, and high overdispersion—severely constrain the choice of analytical frameworks.
Traditional distance-based methods and hard-clustering algorithms often fail to capture
the continuous, overlapping nature of microbial ecosystems. To address these limita-
tions, mixed-membership models, particularly the smoothed LDA framework, provide a
mathematically suitable generative architecture. By modeling discrete sequence counts as
mixtures of latent sub-communities, LDA explicitly accounts for the structural constraints
of high-dimensional microbiota matrices.

Despite these theoretical advantages, LDA remains strictly unsupervised during inference.
While generative extensions such as the DMR framework offer a mechanism to simulate
distinct cohort profiles by conditioning topic prevalence on metadata, the empirical
reliability of the inverse analytical pipeline requires systematic validation. Specifically,
the capacity of standard, unsupervised LDA to accurately reconstruct latent spaces from
data generated with metadata-driven constraints, such that downstream statistical tests
(e.g., PERMANOVA) can reliably detect overarching group variations, requires further
evaluation.

The impact of sample size, biological effect amplitude, and residual overdispersion on both
inference fidelity and statistical power has yet to be thoroughly characterized. Building on
these theoretical foundations, the present study addresses this gap through a controlled,
multifactorial simulation framework.
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3. Research Objectives

The primary objective of this study is to evaluate the capacity of an analytical pipeline,
based on the LDA model, to infer overarching differences between cohorts defined by
their topic prevalence profile (inspired from the DMR generative process). To validate
this approach, a simulation framework generating synthetic data is developed. In this
model, the assignment of samples to the different groups is defined a priori. Through a
full factorial design, this study jointly evaluates:

1. The fidelity with which the LDA algorithm reconstructs the simulated latent matrices.

2. The statistical power of the PERMANOVA test, applied to the sample-level topic
prevalence matrix, to demonstrate that these groups possess significantly distinct
centroids, thereby confirming an overarching difference between the cohorts.

To address this primary objective, the methodological approach is structured around three
specific objectives:

1. Develop a simulation framework for microbiota composition sequencing
data.
This involves designing a pipeline generating a synthetic count matrix that reproduces
the characteristics of microbiota sequencing (sparse, overdispersed, and compositional
matrix). This model allows the construction of known cohorts by conditioning
the prevalence probabilities of the sub-communities (topics) on specific cohort
membership: each cohort thus possesses a distinct topic prevalence profile.

2. Evaluate the reliability of parameter inference by the LDA algorithm.
This second objective aims to quantify the capacity of the LDA to faithfully recon-
struct the simulated latent matrices (composition (β), prevalence (Γ), and taxon
observation probabilities(P = Γ× β)). Through a full factorial design, Generalized
Linear Models (GLMs) will evaluate the impact of three simulation parameters
(cohort size, biological effect amplitude, and residual variance) on the reconstruction
scores.

3. Measure the reliability of the PERMANOVA test to evaluate the cohort
effect.
This final objective aims to determine whether the PERMANOVA test, applied
to the prevalence matrix inferred by the LDA, can detect the cohort effect. By
leveraging the full factorial design, GLM will model test significance (derived from
the p-values obtained in the experimental design) to evaluate the impact of the
three simulation parameters on statistical power (capacity to detect the effect) and
on the control of the false positive rate.
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4. Materials and Methods

To address the objectives defined in the previous chapter, this section outlines the technical
and methodological framework developed to benchmark the mixed-membership inference
pipeline and evaluate its capacity to infer overarching cohort variations. To ensure a
rigorous and transparent evaluation, the methodology is structured into four interconnected
sections.

First, the in silico generative model is detailed, describing the mathematical steps used
to construct synthetic, biologically plausible microbiota count matrices embedded with
metadata-driven cohort structures.

Second, the experimental design of the simulation study is established, defining the
invariant baseline configuration and the full factorial space under which the analytical
boundaries are tested.

Third, the comprehensive analytical pipeline is presented. This includes the unsupervised
LDA inference, the algorithmic resolution of the stochastic label switching phenomenon,
and the subsequent application of the PERMANOVA test to evaluate cohort effects.

Fourth, the evaluation framework is outlined, detailing the quantitative metrics used to
assess inference fidelity and statistical power, followed by the formal modeling of these
performance outcomes via GLM.

4.1 In-Silico Generative Model for Microbiota Com-
munity Data

To evaluate the capacity of the unsupervised LDA model to accurately infer latent spaces
that preserve the signatures of overarching cohort structures, a comprehensive simulation
pipeline is developed. This generative framework is designed to produce in silico count data
that faithfully reproduce the technical constraints (e.g., extreme sparsity, overdispersion)
and biological complexities of microbiota composition data. Furthermore, rather than
generating a homogeneous dataset, the pipeline integrates categorical metadata to construct
well-defined a priori cohorts. By manipulating the latent topic prevalence across these
simulated groups, the pipeline provides the ground truth required to benchmark the
subsequent inference and statistical testing steps.

4.1.1 Conditioning Topic Prevalence on Cohort Membership in
the Simulation Pipeline

In the context of microbial epidemiology, the objective of an observational study is rarely
to model a static cohort, but rather to identify structural variations in the microbiota
associated with a specific phenotypic state (e.g., disease status, dietary intervention,
geography). To evaluate the capacity of the LDA model to preserve the signal of these
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biological signatures within its latent space, it is essential to integrate a group structure
into the simulation process.

To translate the theory of the DMR model into this simulation environment, the pipeline
is adapted to condition the topic prevalence on a categorical metadata variable (e.g.,
cohort membership). Specifically, the theoretical equation of the DMR is implemented
via the construction and matrix multiplication of two specific matrices.

4.1.1.1 The Design Matrix (X)

The purpose of integrating this covariate is to separate the samples into several distinct
cohorts, each possessing its own overarching microbial signature. The effect of the covariate
solely weights the prevalence of topics between cohorts: each group consists of the exact
same latent topics (which are themselves composed of the same taxa) but the topic
proportions differ structurally across groups.

The first algorithmic step consists of encoding this group membership as a design matrix
via a dummy coding method. Group 1 (G1) is defined as the baseline reference group. For
each sample i, a row vector of size G (where G is the total number of groups) is created:

• The first component (the intercept) always receives a value of 1.

• If the sample belongs to a target group g (where g > 1), the corresponding column
receives a value of 1, while all other group columns receive a 0.

The vertical aggregation of these row vectors forms the global design matrix X of dimension
N ×G (generated via the custom generate_id_matrix.R function).

4.1.1.2 Calculation of Conditional Prevalence

To determine the sample-specific concentration parameter αp (representing the prior
prevalence) specific to a topic k for a sample i, the information from the design and weight
matrices is combined. To modulate the intensity of the biological effect across the different
simulation scenarios, a global Amplitude (A) parameter is added to the log-linear link
function:

αp,i,k = exp

(
Wk,1 + A

G∑
g=2

Wk,gXi,g

)
(4.1)

where:

• αp,i,k ∈ R+: The non-negative concentration parameter (scalar) dictating the weight
of topic k in the Dirichlet prior for sample i. The set of these K parameters forms
the vector αp,i.

• Wk,1 ∈ R represents the intercept, i.e., the baseline prevalence coefficient of topic k
in the reference cohort (G1).

• Xi,g ∈ {0, 1} is the indicator variable designating the sample’s membership in the
target group g.

• Wk,g ∈ R is the regression coefficient capturing the specific effect of group g on the
prevalence of topic k.
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• A is the scaling amplitude parameter used in the experimental design.

In this equation, the biological interpretation of a regression coefficient Wk,g is direct, as
its effect operates exponentially on the baseline prevalence:

• Wk,g < 0: Topic k is depleted in the target group (inhibitory effect).

• Wk,g = 0: The group has no influence on the topic prevalence (e0 = 1).

• Wk,g > 0: Topic k is enriched in the target group (promoting effect).

Once the set of vectors αp,i is calculated for all samples, it is passed to the core generative
model to compute the final count data.

4.1.2 Hierarchical Generative Model

The generative process follows a hierarchical structure to produce four distinct matrices:

1. The sub-community prevalence matrix (Γ): It represents the document-topic
proportions 1. It defines the true biological proportion of each latent sub-community
within a sample. It is composed of N row vectors γi, forming an N ×K matrix.
The individual components γi,k represent the specific proportion of topic k, and the
sum of each matrix row must strictly equal 1. Furthermore, the proportions for a
sample i are drawn from an asymmetric Dirichlet distribution parameterized by the
dynamically calculated vector αp,i (derived from Eq. 4.1):

γi ∼ Dir(αp,i) (4.2)

2. The topic composition matrix (B): It represents the β matrix in the standard
theory of the LDA model (Blei et al. 2003; Fukuyama et al. 2021). It defines the
distribution of the F taxa within each topic. It is composed of K row vectors βk,
forming a K×F matrix. To explicitly model a biological complexity gradient among
the microbiota sub-communities (a specific methodological addition of this pipeline)
K concentration scalars (one for each topic) are first drawn independently from a
Beta distribution and sorted in ascending order:

αc,k ∼ Beta(1, η) for k ∈ {1, . . . , K} (sorted) (4.3)

Each scalar αc,k is then used to parameterize a symmetric Dirichlet distribution
across all F taxa for the corresponding topic k:

βk ∼ Dir(αc,k · 1F ) (4.4)

where 1F is a vector of ones of length F . Because the concentration parameters αc,k

are sorted, this explicitly enforces an alpha-diversity gradient within the latent space
(Willis 2019). This design leverages the fundamental mathematical property of the
Dirichlet prior, where the magnitude of the concentration parameter dictates the
sparsity of the drawn distributions (Wallach et al. 2009): topics parameterized with

1While this matrix is canonically denoted as the Θ matrix in the foundational LDA literature (Blei
et al. 2003), it is denoted here as Γ. This aligns with the mathematical nomenclature for the variational
parameters used to approximate the posterior distribution of θ, as utilized in subsequent literature
(Fukuyama et al. 2021; Grün and Hornik 2011) and the simulation codebase.
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a low αc,k simulate sparse sub-communities strongly dominated by a few specialist
taxa, while topics with a higher αc,k simulate more complex, balanced networks of
generalist species.

3. The taxon observation probability matrix (P ): The matrix product of the
two previous latent matrices (G and B) . It represents the ideal and exact biological
proportion of each taxon in each sample prior to the introduction of sequencing noise.
It is composed of N vectors of size F , forming an N ×F matrix. The columns (taxa)
are structurally ordered in descending order according to their overall simulated
abundance.

P = Γ×B (4.5)

4. The count matrix (C): To simulate the sequencing step, a sequencing depth
(library size, Di) is assigned to each sample according to a log-normal distribution.
This is a widely adopted, empirically justified approach used to reproduce the
technical variability inherent in the preparation of sequencing libraries, notably
the multiplicative biases linked to PCR amplification steps (Ma et al. 2021). The
parameters of this distribution are empirically calibrated (log-mean = 9, log-sd =
0.3) to accurately reflect the typical depths observed in real-world biological cohorts.

Based on these depths (Di) and the taxon observation probabilities (P ), the final
read counts can be generated according to three mathematical frameworks:

• Multinomial model (MULT): The foundation of theoretical LDA, modeling
simple sampling noise without overdispersion. The count matrix is obtained
via a standard Multinomial distribution.

• Negative Binomial model (NB): The primary generative model used
in this study to simulate biologically plausible microbiota data. Unlike the
Multinomial model, it introduces an extrinsic size parameter (ϕ) that allows
the variance to exceed the mean, mimicking the overdispersion characteristic
of real sequencing data (Valle et al. 2021). This distributional mismatch
(NB-generated counts fed into a Multinomial-assuming LDA) constitutes the
ecologically realistic condition under which the inference pipeline is evaluated.
The variance structure is governed by: Mathematically, the introduction of
this parameter allows the variance to uncouple from and exceed the mean, a
property governed by the following equations:

E[X] = µ (4.6)

V ar(X) = µ+
µ2

ϕ
(4.7)

where µ = D × P

• Zero-Inflated Negative Binomial (ZINB): An extension implemented in
the pipeline that allows, in addition to overdispersion, the forcing of an inflation
of structural zeros (true biological absences) via an additional probability
parameter ω.
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4.2 Experimental Design of the Simulation Study

Following the definition of the generative process, an experimental design is established to
assess the analytical pipeline against the primary research objectives. Specifically, the
design aims to evaluate the inference fidelity of the latent parameters (reconstruction
accuracy) and the statistical reliability of the PERMANOVA test applied to the inferred
prevalence matrix (Γ). To achieve this, the simulation engine is utilized to generate
microbiota count data under varying ecological and structural conditions. This section
outlines the architecture of this testing environment, first detailing the invariant baseline
configuration, and subsequently defining the variable parameter space explored within a
full factorial design.

4.2.1 Invariant Parameters and Baseline Configuration

To strictly isolate the effects of the variables of interest, a foundational set of parameters
is kept constant across the different scenarios. These parameters establish a standardized
ecological framework:

• Number of cohorts (G, n_groups): Fixed at 3.
The number of levels of the categorical covariate (distinct predefined cohorts).

• Taxonomic richness (F , n_taxa): Fixed at 100.
The total number of taxa present in the simulated ecosystem. All samples share the
same taxa, but their relative proportions fluctuate.

• Number of latent topics (K, n_topics): Fixed at 5.
The number of latent sub-communities (topics) constituting the samples. All samples
share the same topics, but their overarching proportions fluctuate.

• Composition prior (η, prior_composition): Fixed at 5.
The hyperparameter controlling the sparsity of the composition matrix B. Parame-
terizing the underlying Beta distribution (Beta(1, η)). It strongly skews the drawn
concentration parameters (αc,k) toward lower values (< 1). As dictated by the
mathematical properties of the Dirichlet prior, these low values enforce a high degree
of structural sparsity, yielding sub-communities dominated by a restricted subset of
specialist taxa.

• Weight matrix (W ): The structure of the associations between groups and topics
is fixed according to a predefined biological signature. This choice ensures the
evaluation of the pipeline’s capacity to reconstruct an identical complex structure
across varying noise conditions (Table 4.1).
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Table 4.1: Predefined Weight Matrix (W ) driving the biological group effects.
The intercept (Wk,1) dictates the baseline log-prevalence of each topic in the reference
cohort (Group 1). The subsequent columns represent the regression coefficients applied
to target groups. Positive values indicate an enrichment effect on the topic’s relative
abundance, while negative values indicate a depletion effect.

Latent Topic Intercept (Group 1) Effect Group 2 Effect Group 3
(k) (Wk,1) (Wk,2) (Wk,3)

Topic 1 1.0 -1.0 -1.0
Topic 2 0.0 1.0 0.0
Topic 3 0.0 0.0 0.5
Topic 4 0.0 0.5 0.5
Topic 5 0.0 0.0 0.5

• Data generation model: The exclusive use of the NB emission model is imple-
mented, justified by its fundamental capacity to capture the overdispersion inherent
to biological count data.

4.2.2 Variable Parameters and Full Factorial Design

A systematic full factorial design is implemented to rigorously evaluate the pipeline across a
vast array of conditions, yielding 5,000 distinct simulation datasets: 100 unique theoretical
scenarios, each independently replicated 50 times (Figure 4.1). Three structural levers of
variability are systematically actuated:

1. Group effect amplitude (A): Five levels.
Tested over a dynamic range from 0 to 1 (0, 0.25, 0.5, 0.75, 1). The lower bound
(A = 0) serves as the null hypothesis to evaluate the False Positive Rate (Type
I error). Conversely, the value of 1 marks a strong, saturating biological signal,
selected to guarantee an expected statistical power nearing 100% under optimal
testing conditions.

2. Cohort size (Ng): Four levels.
Tested over a range from 10 to 100 (10, 25, 50, 100) samples per predefined group.
These tiers reflect the standard distribution of empirical microbiome studies, ranging
from underpowered pilot studies (Ng = 10) to large-scale observational cohorts
(Ng = 100).

3. Size parameter (ϕ): Five levels.
A critical parameter of the NB distribution, tested over a broad range from 0.5 to
50 (0.5, 1, 5, 10, 50). Mathematically acting as an inverse-dispersion parameter in
the variance function (V ar = µ+ µ2/ϕ)2, low values (0.5 and 1) generate extreme
structural overdispersion typical of noisy biological data. Conversely, high values

2In the statistical literature, the coefficient controlling the variance term is alternately defined as
a dispersion parameter (α, where V ar = µ+ αµ2, such that higher values increase variance) or a size
parameter (ϕ, where V ar = µ+µ2/ϕ, such that higher values decrease variance). The size parameterization
is explicitly utilized here to directly align with its native implementation in the rzinb package used
within the simulation codebase.
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(10 and 50) suppress this overdispersion, forcing the distribution to strictly converge
towards a Poisson behavior representing an idealized scenario of low variance.

Each combination of these three factors is independently replicated 50 times. To
guarantee the strict reproducibility of the stochastic generative process across these
iterations, a random seed management strategy indexed to the specific replicate number
(set.seed(1234 + rep)) is systematically applied. This replication threshold is calibrated
to ensure the asymptotic convergence of the statistical power and Type I error estimates,
while maintaining computational feasibility. These simulation parameters are subsequently
strictly treated as categorical variables for the downstream statistical modeling in R.

Full Factorial Design
(100 Scenarios)

A = 0

. . .

A = 0.25 A = 0.5

. . . Ng = 10 Ng = 25 Ng = 50

. . . ϕ = 0.5 ϕ = 1 ϕ = 5 ϕ = 10 ϕ = 50 . . .

Ng = 100 . . .

A = 0.75 A = 1

. . .

× 50 replicates per scenario = 5,000 total simulations

Figure 4.1: Hierarchical representation of the full factorial simulation design.
To maintain readability, only the central branch (A = 0.5, Ng = 50) is visually expanded
down to the dispersion parameter (ϕ). This combinatorial logic applies strictly across all
branches, resulting in 100 unique theoretical scenarios, each independently generated 50
times, yielding a total of 5,000 specific datasets.

Note: While this full factorial design is designed to evaluate the impact of key statistical
fluctuations across a broad operational range, it strategically constrains the scope of
the evaluation to a fixed parameter space. Consequently, this framework addresses
a delimited subset of the overarching research objectives, intentionally evaluating the
pipeline’s reliability strictly within the boundaries defined by these three varying factors.
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4.3 Unsupervised Inference (LDA) and Latent Profile
Testing (PERMANOVA)

4.3.1 Latent Structure Inference via LDA

As the LDA model inherently processes discrete data collections (Blei et al. 2003), the
biological count matrix is directly formatted as a Document-Term Matrix (DTM) in accor-
dance with the implementation standards of the topicmodels package (Grün and Hornik
2011). Each row represents a sample (the document) and each column represents a specific
taxon (the word). This matrix conversion operationalizes the exchangeability assumption,
or "bag-of-words" hypothesis, fundamental to LDA (Blei et al. 2003). Consequently, the
original sequencing order of the reads is ignored in favor of a raw abundance vector per
sample.

The estimation of the latent structures is performed via the LDA() function of the
topicmodels package (Grün and Hornik 2011). The LDA model requires the number
of latent sub-communities (K) to be fixed a priori. Within the strict framework of
this simulation, this hyperparameter is set to strictly match the generated ground truth
(K = 5). (It should be noted that in empirical exploratory studies, inferring the optimal
K from the data constitutes an independent methodological challenge).

During the inference phase, the hyperparameters of the LDA model are not statically
predefined but are dynamically estimated from the count data (estimate.alpha = TRUE
and estimate.beta = TRUE) (Grün and Hornik 2011). Regarding topic prevalence, the
standard LDA model assumes a global, symmetric Dirichlet prior. This formulation
contrasts with the underlying generative process, where prevalence is asymmetric and
directly conditioned by covariates (cf. Section 4.1.1.2). This symmetric parameter
is iteratively optimized during inference to maximize the marginal likelihood. This
specific discrepancy is intentional, as it evaluates the reliability of the unsupervised
model in inferring the underlying latent structure despite a mismatched prior assumption.
Furthermore, no fixed prior is imposed on the topic composition distribution; the complete
matrix of taxon probabilities is directly estimated during the maximization step (Blei
et al. 2003).

Regarding the inference engine, the VEM algorithm is favored over Gibbs sampling.
Although Gibbs sampling offers a highly reliable stochastic approach, the VEM algo-
rithm presents a crucial advantage in terms of computational efficiency, an indispensable
requirement for the iterative processing of the full factorial design. This deterministic
approach, based on Variational Bayes inference, has been successfully employed in recent
large-scale microbiota studies to effectively maximize the variational lower bound of the
data (Hosoda et al. 2020).

Following the convergence of the VEM algorithm, the posterior() function is utilized to
extract the expected values of the posterior distributions, conditional on the observed data,
in their natural compositional scale. This operational step yields the two fundamental
inferred matrices: the topic prevalence matrix (Γ) of dimension N ×K, and the topic
composition matrix (β) of dimension K × F . Because these inferred outputs match the
exact dimensions of the simulated ground truth matrices (G and B), direct mathematical
comparison is enabled for the subsequent evaluation phase.
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4.3.2 Resolution of Label Switching

Because the LDA model is an unsupervised mixture model, its likelihood function is
invariant to the permutation of the topic components. Consequently, the assignment
of topic index numbers during inference is arbitrary and inherently depends on the
initialization of the algorithm. Thus, even in a theoretical scenario where the inferred
sub-communities are mathematically equivalent to the simulated ground truth, there is
no guarantee that the estimated "Topic 1" corresponds to the simulated "Topic 1". This
phenomenon is known in Bayesian statistics as label switching (Sankaran and S. Holmes
2019).

To strictly evaluate the inference fidelity, it is imperative to establish a one-to-one
correspondence between the estimated and simulated latent profiles. To automate this
alignment, a two-step optimization procedure is implemented, inspired by the model
alignment methodology documented by Fukuyama et al. (2021):

1. Dissimilarity Matrix Computation (JSD): The fundamental identity of a topic
is defined by its taxonomic distribution over the F taxa of the vocabulary (the βk

vectors). The first step consists of calculating the distance between each inferred
topic and each simulated topic. To compare these probability distributions, the
JSD is employed. Unlike the Euclidean distance, which is severely impacted by
the ’double-zero’ problem in sparse ecological datasets (Anderson 2001; Thorsen
et al. 2016), the JSD is naturally suited to compare relative abundance profiles as
it formally measures the distance between probability distributions (Costea et al.
2018; Thorsen et al. 2016). This step generates a distance matrix of dimensions
K ×K. This mathematical comparison requires the order of the taxa to be strictly
identical between the two matrices, a condition fulfilled during the generative process
by explicitly specifying the nomenclature in the ground truth matrix 3 , an order
subsequently inherited by the count matrix and the DTM.

2. Global Assignment via the Hungarian Algorithm: Although the JSD matrix
indicates the pairwise proximity between topics, a simple coupling based on local
minimum values is insufficient. An optimal local assignment could monopolize
a simulated topic and force a suboptimal pairing for the remaining distributions.
Therefore, the objective is to identify the global alignment that minimizes the total
sum of the JSD for all K pairs. This combinatorial optimization challenge, known as
the linear assignment problem, is solved exactly by the Hungarian Algorithm (Kuhn
2005). The software implementation of this optimization relies on the R package
clue (Hornik 2005).

Following this bipartite matching, the topic identification numbers in both the inferred
composition matrix (β) and the inferred prevalence matrix (Γ) are reindexed to mirror
the simulation nomenclature (1 to K). This exact alignment is implemented via the
custom alignment_topic() function (alignment_topic.R script), enabling the formal
evaluation of the inference accuracy.

3colnames(true_p) <- paste0("taxa_", 1:sim_par$n_taxa)
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4.3.3 Testing Cohort Separation in the LDA-Inferred Prevalence
Matrix via PERMANOVA test

Following the exact alignment of the latent space, the inferred prevalence matrix (Γ)
serves as the quantitative input to test the association between the latent sub-communities
and the predefined categorical covariate (the assigned cohort). To formally evaluate this
structural difference, a PERMANOVA test is applied, utilizing the adonis2 function from
the vegan package (Oksanen et al. 2026).

The Bray-Curtis dissimilarity index is explicitly selected to compute the underlying distance
matrix. Because the rows of the Γ matrix constitute continuous probability distributions
(strictly summing to 1 per sample), they functionally mirror relative abundance profiles.
While the Bray-Curtis metric is a standard measure historically favored for comparing
community structures in ecology (Anderson 2001; Thorsen et al. 2016), it is also explicitly
utilized in microbiome topic modeling literature to quantify dissimilarities between such
mixed-membership compositional profiles (Symul et al. 2023; I. Holmes et al. 2012).

The proportion of multivariate variance explained by the cohort assignment (R2) is
assessed, and a pseudo-F statistic is computed. Under the null hypothesis (H0), the
multivariate spatial centroids of the predefined cohorts are assumed to be equivalent within
the evaluated distance space. The strict statistical significance of this association (p-value
< 0.05) is derived via stochastic permutations, directly establishing the binary decision
criterion (rejecting or failing to reject H0) required for the downstream performance
evaluation of the analytical pipeline.

4.4 Evaluation Framework

4.4.1 Methodological Validation on a Representative Scenario

First, the integrity of the generative framework is directly verified by inspecting the
simulated latent structures. The effective application of the predefined cohort effect on
the latent prevalences (the generated G matrix) is confirmed. The statistical significance
of these compositional differences between groups is rigorously evaluated utilizing non-
parametric Wilcoxon tests, adjusted for multiple comparisons via the Benjamini-Hochberg
False Discovery Rate (FDR) procedure.

Following the validation of the mathematical ground truth, the analytical perspective
shifts to an exploratory analysis of the observable dataset (the count matrix). Initially,
technical biases are assessed. Specifically, the distribution of the simulated sequencing
depths across the predefined cohorts is evaluated using a Kruskal-Wallis test. This critical
control guarantees the absence of significant technical confounding factors, ensuring that
subsequent data structures are not driven by library size variations.

Subsequently, the observable relative abundance matrix is subjected to a Principal Coordi-
nate Analysis (PCoA) based on Bray-Curtis dissimilarities. This multivariate visualization,
coupled with a baseline PERMANOVA test on the observed counts, is performed to con-
firm that the simulated biological signal successfully is preserved despite the overdispersion
noise inherent to the generative process, thereby remaining theoretically detectable prior
to any unsupervised latent modeling.
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Finally, the complete analytical pipeline (cf. Section 4.3) is applied to this isolated
scenario. The unsupervised LDA inference is executed, and the correspondence between
the inferred latent matrices (β and Γ) and the ground truth latent matrices (B and G) is
qualitatively assessed through visual inspections (heatmaps and barplots). Quantitatively,
specific performance metrics are calculated to evaluate the fidelity of the inferred outputs
against the simulated ground truth. Following the topic alignment procedure, the global
performance scores for topic composition (β) and topic prevalence (Γ) are defined as the
mean of the diagonal elements from the 1 − JSD similarity matrix and the Spearman
correlation matrix, respectively. Furthermore, the overall precision of the model is
evaluated by reconstructing the taxon observation probability matrix (PLDA = ΓLDA ×
βLDA). The reconstruction error is quantified against the simulated PSIM matrix via Root
Mean Square Error (RMSE):

RMSE =

√√√√ 1

N × F

N∑
i=1

F∑
j=1

(PSIM,i,j − PLDA,i,j)
2 (4.8)

Concurrently, the PERMANOVA test (using Bray-Curtis distance) is applied to the
inferred prevalences (ΓLDA) to extract the permutation-based p-value. This comprehensive
assessment of a single dataset provides a concrete illustration of the pipeline’s mechanics. It
serves as a transitional proof of concept, defining the practical calculation of the evaluation
metrics prior to their large-scale aggregation across the 5,000 simulated scenarios.

4.4.2 Evaluation Framework of the Full Factorial Design

Following the structural validation of the generative process on a specific instance, the
analytical pipeline is systematically applied across the 5,000 datasets generated by the full
factorial design (cf. Section 4.2.2). The evaluation of the unsupervised modeling relies
on two distinct axes: the quantitative fidelity of the latent inference and the statistical
reliability of the downstream hypothesis testing.

4.4.2.1 Evaluation and Sensitivity of Inference Fidelity

To evaluate the capacity of the unsupervised LDA algorithm to reconstruct the simulated
structures, the performance metrics (1− JSD for composition (β), Spearman correlation
for prevalence (Γ), and RMSE for taxon observation probabilities (P )) are aggregated
across all factorial design conditions. The trajectories of these continuous scores are then
visually explored along the three simulation parameters (biological effect size A, the size
parameter ϕ, and cohort size Ng) to identify performance trends.

To systematically quantify the impact of these parameters and their interactions, a sensitiv-
ity analysis is subsequently conducted. Because the evaluated continuous metrics possess
divergent mathematical properties, GLMs are specifically tailored to the distribution of
each score.

• The 1 − JSD similarity scores, being naturally bounded between 0 and 1, are
modeled using a quasi-binomial GLM.

• Similarly, the Spearman correlation scores for matrix Γ are linearly transformed via
(x+1)/2 to map their original [−1, 1] range onto the [0, 1] interval, thereby enabling
the application of a quasi-binomial GLM.
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• The RMSE scores, which are strictly positive and typically right-skewed, are modeled
utilizing a Gamma family GLM with a logarithmic link function.

Following model fitting, an analysis of deviance based on Fisher’s F-test is conducted to
formally quantify the respective effects of the simulation parameters and their interactions
on the reconstruction scores.

Beyond average performance trends, the stability of the inference is further assessed by
testing for heteroscedasticity. Specifically, median-centered Levene’s tests (implemented
via the car package) are applied to determine whether the dispersion of the performance
metrics varies significantly across the levels of each simulation parameter. This median-
based approach is purposefully selected to guarantee strict robustness against non-normal
data distributions. The resulting p-values are adjusted for multiple comparisons using the
Benjamini-Hochberg FDR procedure.

This procedure assesses the full three-factor design, formally isolating the statistical
weight of each main parameter and evaluating the significance of their interactions on the
algorithmic inference capabilities.

4.4.2.2 Evaluation and Sensitivity of Statistical Reliability

Beyond the exact mathematical reconstruction of the matrices, the pipeline is evaluated
on its capacity to provide correct statistical decisions regarding the structural differences
between the predefined cohorts. This reliability is exclusively assessed based on the
empirical p-values generated by the PERMANOVA tests (significance threshold α = 0.05).
The evaluation methodology depends on the evaluated scenario:

• Empirical Type I Error Rate (False Positives): to quantify the rate of spurious
signal detection, the empirical False Positive Rate (FPR) is computed exclusively
on the subset of control simulations strictly devoid of any injected biological effect
(A = 0). It is calculated as the percentage of simulations inappropriately yielding a
significant PERMANOVA p-value.

• Statistical Power (True Positives): Conversely, for all scenarios where a true
cohort effect is generated (A > 0), the statistical power is evaluated. It is quantified
as the percentage of simulations successfully yielding a significant PERMANOVA
p-value, illustrating the pipeline’s capacity to overcome sequencing noise and reliably
identify genuine structural shifts.

To systematically isolate the impact of the simulation parameters and their interactions
on these detection capabilities, a sensitivity analysis is subsequently applied. Because this
performance relies on binary dependent variables (significant detection coded as 1, non-
significant as 0), GLMs of the binomial family with a logit link function are implemented.
Separate logistic regressions are fitted for the Type I error subset and the statistical power
subset, conditionally upon the presence of sufficient variance in the simulated responses
to avoid quasi-complete separation. An analysis of deviance, utilizing a Likelihood Ratio
(LR) test, is conducted on these binomial models to formally assess parameter significance.
Finally, the resulting model coefficients are exponentiated to extract Odd Ratios (ORs),
providing an interpretable quantitative measure of how variations in noise, cohort size,
and biological signal alter the probability of a successful statistical detection.
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4.5 Software Implementation and Reproducibility

All computational analyses are conducted in R (version 4.4.1) using RStudio (version
2026.05.0+218, "Golden Wattle"). To ensure complete reproducibility, the simulation
scripts, synthetic datasets, and downstream analysis pipelines are accessible on the associ-
ated GitHub repository, and the comprehensive computational environment, including
specific package versions, is detailed in Appendix A.1.

The project architecture is organized into nine discrete files, categorized into three distinct
functional modules:

• Core Utilities and Functions: A centralized set of scripts containing all custom-
built functions to maintain a clean global environment and ensure code reusability:

– data_simulation.R: Contains the generative function that simulates the latent
structures and the observable count matrices according to the defined parameter
lists.

– generate_id_matrix.R: Includes the function dedicated to generating the
metadata design matrix, assigning samples to their respective predefined co-
horts.

– alignment_topics.R: Handles the alignment of the inferred LDA topics with
the simulated ground truth using the JSD similarity matrix and the Hungarian
algorithm.

– visualisation_functions.R: Aggregates all custom plotting wrappers and
visualization functions utilized throughout the project.

• In-Depth Exploratory Pipeline:

– simulate_1_exp(phiX).qmd: A standalone Quarto document specifically ded-
icated to the qualitative, step-by-step analysis of a representative scenario.

• Full Factorial Design Pipeline: The large-scale simulation and inference engine,
sequentially segmented into four operational scripts:

– 0_create_design.R: Generates the experimental design matrix. Each scenario
receives a unique identifier and is saved as an RDS object, thereby freezing the
design prior to any simulation.

– 1_run_simulations.R: Executes the simulation engine. Reproducibility is
guaranteed via a strict random seed management strategy (set.seed(1234 +
rep)) indexed to the replicate iteration.

– 2_LDA_inference.R: Performs the unsupervised LDA inference, executes the
topic alignment, computes the evaluation metrics, and runs the PERMANOVA
tests. 3

– factorial_design_results.qmd: Aggregates all synthetic score vectors to
execute the sensitivity analysis (GLMs) and generate the final visualizations.

Note: a flow control architecture is integrated into the core simulation (2) and infer-
ence scripts (3). This idempotent mechanism detects previously generated outputs,
allowing calculations to be interrupted and safely resumed without redundancy,
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significantly facilitating the execution of the 5,000 simulations on local computing
infrastructures.
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5. Results

The following sections detail the outcomes of the experimental design, sequentially ad-
dressing the qualitative validation of the generative framework, the evaluation of the latent
inference fidelity, and the statistical evaluation of the cohort effect on the PERMANOVA.

5.1 Illustrative Examples: Qualitative Evaluation of the
Inference Pipeline Across Extreme overdispersion
Scenarios

To illustrate the inference dynamics and the impact of overdispersion on the generative
model, two extreme simulations are extracted from the experimental design (cf. Section
4.2.2). These illustrative examples isolate the effect of the size parameter (ϕ) by maintaining
a constant biological effect amplitude (A = 1), an identical cohort size (Ng = 50), and
the same random generation seed (set.seed(1261)), while contrasting two diametrically
opposed variance conditions:

• The High-Noise Scenario (ID: eff1_n50_phi05_rep27): Characterized by
severe structural overdispersion (ϕ = 0.5), replicating the extensive biological and
analytical variability of sparse microbiota composition data.

• The Low-Noise Scenario (ID: eff1_n50_phi50_rep27): Characterized by mini-
mal overdispersion (ϕ = 50), representing optimal analytical conditions associated
with minimal stochastic perturbation and a high signal-to-noise ratio.

5.1.1 PCoA-based Assessment of Overdispersion Effects on Co-
hort Separation in Simulated Relative Abundances

Prior to the latent inference step, the impact of overdispersion (ϕ) on the structural
visibility of the biological signal is evaluated. This assessment is performed through a
visual comparison of the simulated relative abundance matrices using PCoA (Figure 5.1).
This visualization demonstrates how severe stochastic noise obscures the underlying cohort
structure defined in the generative ground truth.

Visual analysis of the ordinations (Figure 5.1) highlights the detrimental impact of
overdispersion on the structural visibility of the inter-group biological signal. In the
High-Noise Scenario (ϕ = 0.5, Figure 5.1a), the underlying biological structure is largely
obscured by variance. The samples exhibit high dispersion, resulting in an extensive
overlap of the 95% confidence ellipses across the three groups. Mathematically, this
structural dilution is reflected by a low proportion of variance explained by the primary
axis (Dim 1 = 14.6%).

Conversely, in the Low-Noise Scenario (ϕ = 50, Figure 5.1b), the latent structure defined
during the generative process becomes distinctly observable. While the sample separation

37



-0.50

-0.25

0.00

0.25

0.50

-0.50 -0.25 0.00 0.25 0.50

Dim 1 (14.6%)

D
im

 2
 (

1
2

.9
%

)

Group G1 G2 G3

(a) High-Noise Scenario (ϕ = 0.5)

-0.50

-0.25

0.00

0.25

0.50

-0.50 -0.25 0.00 0.25 0.50

Dim 1 (40.7%)

D
im

 2
 (

3
2

.1
%

)

Group G1 G2 G3

(b) Low-Noise Scenario (ϕ = 50)

Figure 5.1: Comparison of the global structure of simulated microbiota profiles
across extreme overdispersion scenarios.
PCoAs are computed from the Bray-Curtis distance matrix of simulated relative abun-
dances. The left panel (5.1a) illustrates the High-Noise Scenario (ϕ = 0.5), while the
right panel (5.1b) represents the Low-Noise Scenario (ϕ = 50). The biological effect
amplitude (A = 1) and the group size (Ng = 50) are maintained constant across both
conditions. Each point represents a single sample, colored according to its predefined
group membership: G1 (red), G2 (green), and G3 (blue). The shaded ellipses outline the
95% multivariate data dispersion for each cohort.

is not absolute, the underlying cohort structure induces discernible clustering tendencies
within the respective group ellipses. Furthermore, the structural information is highly
centralized, with the first principal coordinate (Dim 1) capturing 40.7% of the total
variance.

This comparison demonstrates that severe structural overdispersion (a low ϕ value)
stochastically distributes the dataset variability across multiple secondary dimensions.
Consequently, the effect of the cohort covariate on the relative abundances is heavily
obscured prior to any processing by the latent inference algorithm (Scree plots detailing
the full variance distributions are provided in Appendix A.1).

This visual structural dilution is quantified via PERMANOVA applied to the simulated
relative abundances. Under minimal overdispersion (ϕ = 50), the underlying cohort
structure drives a substantial portion of the dataset variability (R2 = 0.301, p-value =
0.001, Appendix A.2) . However, under severe structural overdispersion (ϕ = 0.5), the
variance explained by the cohort covariate collapses to 3.8% (R2 = 0.038, p-value = 0.001,
Appendix A.2). This drastic reduction confirms mathematically that prior to any inference,
excessive stochastic noise fundamentally degrades the biological signal-to-noise ratio.

5.1.2 Fidelity of Latent Matrices Reconstruction Under Varying
Overdispersion

This subsection evaluates the capacity of the LDA algorithm to accurately reconstruct
the original latent matrices (Γ and β) and the taxon observation probability matrix (P ).
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Reconstruction of topic composition matrices (β): heatmap and similarity analysis The
analysis relies on the comparison between the estimated composition matrices (βLDA)
and the simulated ground truth matrices (Bsim). Heatmap representations are utilized to
visually identify the structural distortions induced by stochastic noise within the taxonomic
profile of each topic.
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Figure 5.2: Visual comparison of the simulated and estimated taxonomic compo-
sitions of the latent topics (matrices β) across extreme overdispersion scenarios.
The heatmaps illustrate the relative proportions of the 50 most abundant taxa (x-axis)
across the 5 topics (y-axis). Color intensity represents the taxon probability mass within
a given topic, with darker shades indicating higher proportion. For each overdispersion
condition (left panel 5.2a: High-Noise Scenario, ϕ = 0.5; right panel 5.2b: Low-Noise
Scenario, ϕ = 50), the upper matrix displays the simulated ground truth (Bsim) and the
lower matrix presents the corresponding estimation by the LDA model (βLDA) following
topic alignment. The biological effect amplitude (A = 1) and the cohort size (Ng = 50)
are maintained constant.

Observation of the simulated ground truth matrices (upper panels, Figure 5.2) confirms
that the generative pipeline produces distinct taxonomic profiles for each topic. This
baseline representation highlights highly abundant taxa strictly confined to specific topics,
providing compositional signatures. These simulated structural profiles are strictly identical
between the two scenarios. This invariance confirms that the size parameter (ϕ) solely
modulates the final count matrix generation without altering the underlying generative
probabilities.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5, Figure 5.2a), the
inferred matrix (βLDA) exhibits marked structural divergence from the ground truth. The
inference process yields artificially concentrated taxonomic distributions. The probability
mass is predominantly monopolized by one or two highly dominant taxa per topic
(indicated by isolated dark cells), to the detriment of intermediate-abundance taxa whose
compositional signal is lost.

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50, Figure 5.2b), the
estimated βLDA matrix reproduces the theoretical distributions with high fidelity. The
latent inference accurately captures the core characteristic taxa of each topic. However,
variations in probability masses remain, and certain low-abundance taxa are attenuated
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in the estimated matrix, a structural loss particularly observable within the compositional
profile of "Topic 3". This visual comparison indicates that severe count overdispersion
degrades the inference of taxonomic compositions. The estimation process is skewed toward
an overestimation of major taxa at the expense of the true sub-community richness.

These visual observations (Figure 5.2) are quantified through the inspection of simi-
larity matrices (Figure 5.3). These matrices provide a mathematical evaluation of the
reconstruction fidelity regarding the latent taxonomic compositions.
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Figure 5.3: Similarity matrices evaluating the reconstruction fidelity of the
taxonomic compositions (matrices β).
The matrices compare the simulated ground truth topics (rows) to the topics inferred
by the LDA model (columns) following the alignment step. The structural resemblance
between two profiles is quantified by a similarity score computed as 1− JSD. A score
of 0 indicates diametrically opposed compositions, while a score of 1 represents identical
taxonomic probabilities. The left panel (5.3a) illustrates the High-Noise Scenario (ϕ = 0.5),
and the right panel (5.3b) represents the Low-Noise Scenario (ϕ = 50). The main
diagonal highlights the optimal matching between the simulated topics and their estimated
equivalents computed via the Hungarian algorithm.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5, Figure 5.3a), the
inference fidelity is degraded. The alignment coefficients on the main diagonal drop
substantially, yielding a low average similarity score of 0.66 (mean of the diagonal).
More critically, this degradation is accompanied by a loss of compositional resolution,
observable off the diagonal. For instance, the inferred sub-community "LDA 3" exhibits
simultaneous similarities with simulated topics 3, 4, and 5 (respective scores of 0.67, 0.59,
and 0.59). These mathematical overlaps demonstrate that severe overdispersion degrades
the resolving power of the algorithm, resulting in the artificial convolution of distinct
taxonomic profiles into a single inferred signature.

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50, Figure 5.3b),
the inferred matrix exhibits high structural fidelity. The maximum similarity coefficients
are strictly confined to the main diagonal (with values ranging between 0.93 and 0.97),
distinctly standing out from the off-diagonal background . This configuration indicates
that the LDA algorithm isolates and reconstructs each compositional profile with high
specificity, yielding a mean diagonal similarity score of 0.95. In summary, this comparative
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analysis demonstrates that extreme overdispersion limits the capacity of the model to
isolate specific taxonomic signatures. This limitation translates into a reduction in
reconstruction fidelity and structural overlaps between the inferred latent dimensions.

5.1.2.1 Reconstruction of Sample-Level Topic Prevalence (Γ): Barplot and
Spearman Correlation Analysis

Similar to the taxonomic compositions, the sample-level topic prevalences are evaluated
by comparing the inferred proportions (ΓLDA) to the simulated ground truth (Gsim).
Stacked bar charts (Figure 5.4) are utilized to visually assess whether the cohort-specific
compositional signatures are maintained under varying levels of structural overdispersion.

This evaluation connects the inferred latent structure to the cohort covariate. Observation
of the simulated ground truth matrices (left panels, Figure 5.4) confirms the implementa-
tion of the generative experimental design (cf. Table 4.1) : a distinct over-representation
of Topic 1 in Group 1, a dominance of Topic 2 in Group 2, and a balanced distribution
of Topics 3, 4, and 5 in Group 3 are visually observable. In accordance with the gen-
erative architecture, these theoretical baseline profiles remain strictly invariant across
overdispersion conditions.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5, Figure 5.4a),
the inference process results in a loss of the original cohort structure. The inferred
matrix (ΓLDA, right panel) exhibits highly variable and smoothed profiles, obscuring the
predefined group signatures. The expected dominance of Topic 1 and Topic 2 within
their respective cohorts seems attenuated. Simultaneously, Group 3 exhibits an artificial
over-representation of Topic 3, diverging significantly from the generative baseline. This
major visual discrepancy indicates that extreme count variance structurally degrades the
capacity of the latent inference to recover the underlying cohort-specific biological effects.

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50, Figure 5.4b),
the estimated ΓLDA matrix more faithfully reproduces the structural ground truth. The
latent inference accurately tends to recover the expected topic proportions and to preserve
the signature of each predefined cohort, confirming higher reconstruction fidelity under
optimal variance conditions.

Inspection of the Spearman correlation matrices (Figure 5.5) quantitatively confirms the
visual discrepancies observed in the prevalence profiles of the Γ matrix.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5, Figure 5.5a), the
inference fidelity of the sample prevalence is degraded. The alignment coefficients on the
main diagonal drop substantially, reducing the mean correlation score to 0.30 (mean of the
diagonal), a structural loss further confirmed by an equivalent Mantel correlation score of
0.30 (Appendix A.3). More critically, this degradation is accompanied by a severe loss of
distributional resolution, observable off the diagonal. For instance, the inferred prevalence
of "LDA 3" exhibits high simultaneous correlations with simulated topics 3, 4, and 5
(respective scores of 0.49, 0.20, and 0.45). These mathematical overlaps demonstrate that
excessive stochastic noise degrades the capacity of the model to isolate distinct prevalence
distributions across the samples.

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50, Figure 5.5b), the
inferred matrix exhibits high structural fidelity. The maximum correlation coefficients
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Figure 5.4: Visual comparison of the sample-level topic prevalence (matrices Γ)
across extreme overdispersion scenarios.
The stacked bar charts represent the relative probability mass (y-axis) of each latent topic
(red = T1, khaki = T2, green = T3, blue = T4, and purple = T5) within the individual
samples (x-axis) of the simulated cohorts. The upper graph (5.4a) illustrates the High-
Noise Scenario (ϕ = 0.5) and the lower graph (5.4b) represents the Low-Noise Scenario
(ϕ = 50). The biological effect amplitude (A = 1) and the cohort size (Ng = 50) are
maintained constant. For each condition, the left panel displays the simulated generative
prevalences (Gsim), while the right panel presents the corresponding proportions inferred
by the LDA model (ΓLDA) following alignment. Samples are separated into three distinct
facets according to their predefined cohort affiliation (G1, G2, G3).

42



0.38

−0.20

−0.03

−0.03

−0.09

−0.23

0.61

−0.04

−0.13

−0.19

−0.35

−0.43

0.49

0.20

0.45

0.43

−0.08

−0.32

0.01

−0.14

−0.18

0.33

−0.23

−0.05

−0.01

LD
A 1

LD
A 2

LD
A 3

LD
A 4

LD
A 5

Sim 1

Sim 2

Sim 3

Sim 4

Sim 5

−0.4

−0.2

0

0.2

0.4

0.6

(a) High-Noise Scenario (ϕ = 0.5)

0.98

−0.32

−0.21

−0.28

−0.33

−0.26

0.99

−0.30

−0.10

−0.45

−0.33

−0.26

0.99

−0.06

0.13

−0.32

−0.28

0.01

0.98

0.07

−0.22

−0.32

0.09

−0.20

0.98

LD
A 1

LD
A 2

LD
A 3

LD
A 4

LD
A 5

Sim 1

Sim 2

Sim 3

Sim 4

Sim 5

−0.4

−0.2

0

0.2

0.4

0.6

0.8

(b) Low-Noise Scenario (ϕ = 50)

Figure 5.5: Spearman correlation matrices evaluating the reconstruction fidelity
of the sample-level topic prevalences (matrices Γ).
The matrices compare the ground truth generative prevalences (rows) to the prevalences
inferred by the LDA model (columns) following the alignment step. The structural
matching is quantified by the Spearman rank correlation coefficient, where a value of 1
indicates complete preservation of the sample ranking according to topic probability mass,
0 indicates no monotonic relationship, and -1 corresponds to a fully inverse ranking. The
left panel (5.5a) illustrates the High-Noise Scenario (ϕ = 0.5) and the right panel (5.5b)
represents the Low-Noise Scenario (ϕ = 50). The main diagonal highlights the optimal
matching between the simulated topics and their estimated equivalents computed via the
Hungarian algorithm.

are strictly confined to the main diagonal (with values ranging between 0.98 and 0.99),
distinctly standing out from the off-diagonal background noise. This configuration confirms
that the LDA algorithm isolates and reconstructs the latent profile of each sample with
high specificity, yielding a mean diagonal correlation score of 0.986 and an equivalent
Mantel test score of 0.98 (Appendix A.3).

In summary, this comparative analysis formally demonstrates that severe structural
overdispersion fundamentally degrades the capacity of the inference algorithm to accurately
rank samples based on their latent topic abundance. This limitation destroys the cohort-
specific compositional signatures, critically compromising the biological relevance of the
inferred Γ matrix.

5.1.2.2 Restoration of the Reconstruction of Taxa Observation Probabilities
(P ): PCoA and RMSE Evaluation

The global reconstruction fidelity is evaluated through the analysis of the noise-free taxon
observation probability matrices (P ). This assessment is conducted visually using PCoA
and quantitatively supported by calculating the RMSE and computing Mantel correlation
statistics between Psim and PLDA.

Visual analysis of the ordinations (Figure 5.6) highlights the detrimental impact of struc-
tural overdispersion on the capacity of the LDA algorithm to reconstruct the underlying
biological signal (P ). Observation of the simulated ground truth matrices (upper panels)
confirms the stability of the generative pipeline: the baseline ordinations are strictly iden-
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Figure 5.6: Visual comparison of the taxon observation probabilities (P ) across
extreme dispersion scenarios. PCoA is computed from the Bray-Curtis distance
matrix derived from the underlying observation probabilities (P = Γ× β). The left panel
(5.6a) illustrates the High-Noise Scenario (ϕ = 0.5), the right panel (5.6b) represents the
Low-Noise Scenario (ϕ = 50). The biological effect amplitude (A = 1) and the cohort
size (Ng = 50) are maintained constant. For each condition, the upper graph presents
the simulated ground truth matrix (Psim) and the lower graph displays the corresponding
matrix inferred by the LDA model (PLDA). Each point corresponds to the structural
arrangement of a single sample, colored according to its predefined cohort membership:
Group 1 (G1) in red, Group 2 (G2) in green, and Group 3 (G3) in blue. The shaded
ellipses outline the 95% multivariate data dispersion for each cohort.

tical across both scenarios. This invariance demonstrates that the generative inter-group
variance is unaffected by the size parameter (ϕ), which mathematically intervenes strictly
downstream during the generation of the final count matrices.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5, Figure 5.6a), the
inferred biological structure (PLDA) deviates significantly from the generative baseline.
The inferred sample profiles exhibit high dispersion, resulting in a pronounced overlap
of the 95% confidence ellipses across the three groups. Mathematically, this structural
dilution is characterized by a decrease in the variance proportion captured by the first
principal coordinate, dropping to 33.4% (compared to 42.8% for the ground truth). This
degraded reconstruction is quantitatively confirmed by an elevated RMSE of 0.0214 and a
low Mantel correlation score of 0.685 (Appendix A.4).

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50, Figure 5.6b), the
estimated latent structure reproduces the simulated matrix with high fidelity. The original
cohort differentiation is accurately restored, with the samples forming distinct clusters
within their respective bounding ellipses. Furthermore, the structural variance is better
preserved along the primary axis, with the first inferred dimension (Dim 1) capturing
43.1% of the total variance, closely matching the simulated baseline (42.8%). This optimal
reconstruction is quantitatively supported by a high Mantel score of 0.995 and an low
RMSE equal to 0.003 (Appendix A.4).

In summary, this comparative analysis demonstrates that severe stochastic overdispersion
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fundamentally limits the structural denoising capacity of the latent inference model. The
algorithm fails to entirely resolve the introduced variance scatter, yielding a degraded
reconstruction that partially obscures the underlying cohort effect within the inferred prob-
ability matrix (Scree plots detailing the variance distributions are provided in Appendix
A.2).

5.1.2.3 PERMANOVA-Based Quantification of Cohort Signal Preservation
(Matrix Γ)

This qualitative evaluation concludes with the statistical verification of cohort signal
preservation within the inferred prevalence profiles (matrices Γ). PERMANOVA tests
are performed to quantify the proportion of variance (R2) explained by the "cohort"
covariate. This procedure evaluates the extent to which the underlying cohort differences
are maintained following the latent inference process, particularly under high variance
conditions.

Analysis of the simulated ground truth matrices (Gsim) provides a validation of the genera-
tive pipeline architecture. Regardless of the dispersion parameter (ϕ), the PERMANOVA
results on the generative prevalences remain strictly identical (R2 = 0.283, p-value = 0.001)
(Appendix A.5). This constancy corroborates previous visual observations (Figure 5.4),
confirming that stochastic overdispersion exclusively acts upon the final count generation
and does not alter the underlying generative topic distributions.

Under severe structural overdispersion (High-Noise Scenario, ϕ = 0.5), the inferred matrix
(ΓLDA) exhibits a degradation of the cohort signal. Although the PERMANOVA test
applied to the inferred prevalences still yields a statistically significant group effect (p-value
= 0.001), the explanatory power of the cohort covariate collapses. The coefficient of
determination (R2) drops to 0.066 (Appendix A.5), indicating that only 6.6% of the
variance in the estimated profiles is attributable to the cohort affiliation, compared to
28.3% in the generative ground truth, a more than fourfold reduction.

Conversely, under minimal overdispersion (Low-Noise Scenario, ϕ = 50), the matrix
inferred by the LDA model preserves the cohort signal with fidelity. The PERMANOVA
test reveals a significant group effect (p-value = 0.001) coupled with an explained variance
proportion (R2 = 0.284, Appendix A.5) that is nearly identical to the simulated baseline.
Consequently, the biological structuring of the cohort is accurately restored and analytically
exploitable.

In conclusion, this reduction in explained variance quantitatively synthesizes the structural
degradations observed in previous analyses. It demonstrates that extreme variance
smooths the inferred prevalence profiles and dilutes inter-group boundaries. While
statistical significance is retained on the heavily dispersed estimates, the severe loss
of structural information fundamentally limits the capacity of the inferred matrix to
effectively discriminate sample cohort affiliations.
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5.2 Systematic Evaluation of Inference Fidelity and
Statistical Power

This section transitions from the qualitative analysis of extreme scenarios to a compre-
hensive, quantitative evaluation of the latent inference operational limits. To assess
the capacity of the LDA algorithm to infer underlying structures in the presence of a
predefined cohort covariate, inference fidelity and statistical power are systematically
quantified across the full factorial experimental design (cf. in Section 4.2.2).

The simulated dataset encompasses the systematic variation of three critical generative
parameters: the biological effect amplitude (A ∈ {0, 0.25, 0.5, 0.75, 1}), the cohort size,
defined as the number of samples per group (Ng ∈ {10, 25, 50, 100}), and the degree of
overdispersion, governed by the size parameter (ϕ) of the negative binomial distribution
(ϕ ∈ {0.5, 1, 5, 10, 50}).

This subsection details the evolution of three global evaluation metrics calculated across
the full experimental design. The objective is to define the boundaries of stochastic
overdispersion and sample size within which the latent data matrices are accurately
reconstructed. Each metric is supplemented by a sensitivity analysis (analysis of deviance)
to identify the individual factors and interactions that govern the inference fidelity.

5.2.1 Topic composition reconstruction (matrix β): JSD similarity
scores

The evaluation of the β matrix reconstruction fidelity begins with the visual analysis of
the similarity scores (1− JSD) across all simulated parameter combinations (Figure 5.7).
This metric quantifies the precision of the inferred taxonomic composition for each latent
topic.

The reconstruction scores for the β matrices range between 0.50 and 0.95 (Figure 5.7).
Trajectory analysis indicates that the dispersion parameter (ϕ) constitutes the primary
factor influencing inference fidelity. Independently of other parameters, a decrease in
ϕ (increased overdispersion) induces a reduction in the mean scores. Conversely, as
overdispersion attenuates, the similarity scores improve monotonically, reaching their
maxima at ϕ = 50. A distinct discontinuity in reconstruction fidelity is observed between
the ϕ = 1 and ϕ = 5 thresholds.

The magnitude of the biological effect (A, x-axis) exhibits a positive, albeit secondary,
impact. The mean trend lines display a slight upward slope as A increases. This dynamic
suggests that a pronounced biological signal between the cohorts marginally improves the
structural resolution of the latent inference process.

The cohort size (Ng, facets) maintains the general trajectory of the curves while inducing
specific interaction effects. Mean scores increase slightly and consistently as Ng expands.
Furthermore, an interaction between sample size and overdispersion modulates the variance
of the estimates. In restricted cohorts (Ng = 10 and 25), point dispersion remains relatively
homogeneous across noise conditions. In expanded cohorts (Ng = 100), this variance
behavior diverges: highly overdispersed scenarios (ϕ ≤ 1) exhibit increased estimate
dispersion, whereas low-noise scenarios (ϕ ≥ 5) form highly clustered estimations. This
latter configuration creates a high-precision plateau tightly constrained around a score
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Figure 5.7: Evolution of the taxonomic composition reconstruction scores
(matrix β) across the experimental design. The graph illustrates the distribution
of the similarity scores (1− JSD) computed between the simulated generative matrices
(Bsim) and the inferred matrices (βLDA) following alignment. A score of 1 indicates perfect
structural reconstruction of the taxonomic composition. A score of 0 indicates complete
divergence. Each point represents an independent simulation. The data are stratified into
facets according to the cohort size (Ng, ranging from 10 to 100 samples per group). The
x-axis represents the magnitude of the imposed biological effect (A). Colors indicate the
value of the size parameter ϕ (ranging from blue for high overdispersion (O.5) to orange
for low overdispersion (50)). Black diamonds denote the mean score for each condition.
Trend lines are colored according to ϕ.

of 0.95. These observations suggest a non-linear effect of the dispersion parameter on
estimate variance, which is strictly modulated by sample size.

The preceding visual observations (Figure 5.7) are quantified through an analysis of
deviance, summarized in Table 5.1. Given that the similarity scores (1−JSD) are strictly
bounded within the [0, 1] interval, this sensitivity analysis is derived from a GLM utilizing
a quasibinomial family. This statistical evaluation confirms the structural relevance of the
experimental design, as all primary main effects demonstrate high statistical significance
(A full version of the table is provided in Appendix A.6).

Analysis of the F -statistics confirms that the dispersion parameter (ϕ) is the dominant
factor governing reconstruction fidelity (F4,4900 = 2975.32, p < 0.001). Cohort size (Ng) is
identified as the secondary influencing factor (F3,4900 = 499.06, p < 0.001). As visually
observed, the biological effect amplitude (A) exerts a statistically significant, albeit lesser,
impact on the structural resolution of the latent inference (F4,4900 = 82.24, p < 0.001).
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Table 5.1: Sensitivity analysis of the taxonomic composition reconstruction
scores (matrix β) – Analysis of deviance. The table presents the F -statistics and
associated empirical p-values for the main effects and interactions evaluated across the
experimental design (N = 5000 simulations). Degrees of freedom for the numerator and
denominator (Residuals: 4900) are indicated.

Factor / Interaction F -value p-value

Dispersion Parameter (ϕ) 2975.32 < 0.001
Cohort Size (Ng) 499.06 < 0.001
Biological Effect Amplitude (A) 82.24 < 0.001
ϕ×Ng 2.37 0.005
Ng × A 2.99 < 0.001
ϕ× A 1.39 0.134
ϕ×Ng × A 0.53 0.967

Examination of the interaction terms highlights a significant modulation between stochastic
overdispersion and cohort size (ϕ × Ng) (F12,4900 = 2.37, p = 0.005). This statistical
result formalizes the previously observed variance amplification: expanded cohort sizes
exacerbate the structural impact of extreme overdispersion, inducing high estimate variance
under noisy conditions, while simultaneously converging toward a highly precise plateau
under optimal variance conditions.

Regarding interactions involving the biological effect amplitude (A), the interaction with
cohort size (Ng × A) is statistically significant (F12,4900 = 2.99, p < 0.001). Conversely,
the interaction between overdispersion and biological effect (ϕ× A) does not reach the
significance threshold (F16,4900 = 1.39, p = 0.134). Finally, the absence of a significant
three-way interaction (F48,4900 = 0.53, p = 0.967) highlights the stability of the inference
process: the reconstruction fidelity is fundamentally constrained by the joint relationship
between stochastic noise and sample size, largely independent of the underlying biological
signal amplitude.

Beyond the evaluation of mean reconstruction scores, the dispersion of the fidelity estimates
is formally assessed to determine if the inference uncertainty is subject to heteroskedasticity.
Levene’s test is conducted to quantify the influence of generative parameters on the variance
of the similarity scores. The results (Table 5.2) confirm that the reconstruction variance
is non-homogeneous across all tested experimental factors. The size parameter (ϕ) and
the cohort size (Ng) exert a impact on the dispersion of the estimates, as evidenced
by extremely significant p-values. The biological effect amplitude (A) also contributes
significantly to this heteroskedasticity. These statistical findings corroborate the visual
patterns (Figure 5.7), where restricted cohort sizes and high stochastic overdispersion
manifest as increased estimate spread, whereas expanded cohorts and optimal dispersion
parameters converge toward a high-precision fidelity plateau.
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Table 5.2: Impact of simulation parameters on the variance of compositional
fidelity scores (β). Results of Levene’s tests evaluating the homogeneity of variance
across experimental factors. p-values are adjusted using the Benjamini-Hochberg FDR
method to account for multiple testing.

Factor Raw p-value Adjusted p-value (FDR)

Biological Effect Size (A) 3.86× 10−3 3.86× 10−3

Size Parameter (ϕ) 7.06× 10−246 2.12× 10−245

Cohort Size (Ng) 1.90× 10−27 2.85× 10−27

5.2.2 Sample-level topic prevalence reconstruction (matrix Γ):
Spearman correlation scores

The inference fidelity of the sample-level topic prevalences (matrix Γ) is evaluated using
the Spearman rank correlation coefficient. The reported metric corresponds to the mean
diagonal correlation score computed between the generative prevalences (Gsim) and the
inferred proportions (ΓLDA). This metric formally quantifies the preservation of sample
rankings with respect to topic probability mass across the experimental design (Figure
5.8).

Global observation of the trajectories (Figure 5.8) reveals inference dynamics strictly
analogous to those observed for the β matrix. The dispersion parameter (ϕ) remains the
dominant degradation factor. Furthermore, the variance amplification effect induced by
cohort size (Ng) under highly overdispersed conditions is consistently preserved. Con-
sequently, this analysis focuses on the structural distinctions between the inference of
taxonomic compositions and the inference of topic prevalences.

The primary distinction lies in the absolute range of the inferred scores. While the
evaluation of the β matrix plateaued within an interval of 0.50 to 0.95, the correlation
scores for the Γ matrix span a broader spectrum. Scores range from near zero (indicating
near-random rank preservation at ϕ = 0.5) to a maximum of 0.994 (indicating optimal
structural fidelity at ϕ = 50). This expanded dynamic is partially attributable to the
distinct mathematical boundaries of the specific metrics employed (Spearman correlation
versus Jensen-Shannon divergence).

The second, structurally more significant distinction pertains to the convergence toward
the optimal fidelity plateau. The latent inference process stabilizes the macroscopic
sample-level prevalences more rapidly than the internal taxonomic compositions. The
high-precision plateau (scores approaching 1 for low-noise scenarios) is consistently reached
within restricted cohort sizes (Ng = 50). In contrast, the β matrix required expanded
cohorts (Ng = 100) to achieve equivalent stabilization around 0.95. This observation
indicates that the structural inference of macroscopic sample profiles requires a lower quan-
titative information threshold compared to the precise resolution of fine-scale taxonomic
signatures.

The sensitivity analysis (analysis of deviance, Table 5.3) confirms the relative impact of the
main effects previously identified for the reconstruction of the taxonomic compositions (β),
while highlighting interaction dynamics specific to the inference of sample-level prevalences.
To satisfy the domain requirements of the variance model, the Spearman correlation scores
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Figure 5.8: Evolution of the sample-level topic prevalence reconstruction scores
(matrix Γ) across the experimental design. The graph illustrates the distribution
of the mean diagonal Spearman correlation scores computed between the generative
baseline matrices (Gsim) and the inferred matrices (ΓLDA) following alignment. A score of
1 indicates exact structural preservation of sample rankings regarding topic proportions,
whereas a score of 0 indicates a random distribution and a score of -1 indicates a perfectly
inverse ranking. Each point represents an independent simulation. The data are stratified
into facets according to the cohort size (Ng, ranging from 10 to 100 samples per group).
The x-axis represents the magnitude of the imposed biological effect (A). Colors indicate
the dispersion parameter ϕ (ranging from blue for high overdispersion to orange for low
overdispersion). Black diamonds denote the mean score for each condition. Trend lines
are colored according to ϕ.

(originally bounded between −1 and 1) are linearly transformed to the [0, 1] interval via
the function f(x) = x+1

2
. Subsequently, GLM specifying a quasibinomial family is fitted

to compute the analysis of deviance (A full version of the table is provided in Appendix
A.7).

The dispersion parameter (ϕ) remains the dominant factor governing the majority of the
variance in the prevalence correlation scores (F4,4900 = 4247.43, p < 0.001). Cohort size Ng

(F3,4900 = 122.97, p < 0.001) and biological effect amplitude A (F4,4900 = 30.45, p < 0.001)
retain the second and third positions, respectively, in terms of structural influence.

Regarding the structure of the two-way interactions, a specific dynamic emerges compared
to the taxonomic reconstructions. The interaction between stochastic overdispersion and
cohort size (ϕ×Ng) remains the most impactful interaction (F12,4900 = 12.72, p < 0.001).
Contrary to the β matrix inference, the interaction between overdispersion and the
biological effect (ϕ×A) reaches statistical significance (F16,4900 = 2.03, p = 0.009). This
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Table 5.3: Sensitivity analysis of the sample-level prevalence reconstruction
scores (matrix Γ) – Analysis of deviance. The table presents the F -statistics and
associated empirical p-values for the main effects and interactions evaluated across the
experimental design (N = 5000 simulations). Degrees of freedom for the numerator and
denominator (Residuals: 4900) are indicated.

Factor / Interaction F -value p-value

Dispersion Parameter (ϕ) 4247.43 < 0.001
Cohort Size (Ng) 122.97 < 0.001
Biological Effect Amplitude (A) 30.45 < 0.001
ϕ×Ng 12.72 < 0.001
ϕ× A 2.03 0.009
Ng × A 1.06 0.392
ϕ×Ng × A 0.91 0.652

Table 5.4: Impact of simulation parameters on the variance of prevalence
fidelity scores (Γ). Results of Levene’s tests evaluating the homogeneity of variance
across experimental generative factors. Empirical p-values are adjusted using the False
Discovery Rate (FDR) method to account for multiple comparisons.

Factor Raw p-value Adjusted p-value (FDR)

Biological Effect Size (A) 5.20× 10−5 5.20× 10−5

Size Parameter (ϕ) 2.83× 10−209 8.48× 10−209

Cohort Size (Ng) 2.70× 10−8 4.06× 10−8

statistical formalization indicates that the accurate structural attribution of latent profiles
to individual samples is more sensitive to the combined effects of sampling effort, structural
variance, and the underlying biological signal amplitude.

Finally, the two-way interaction between cohort size and biological effect (Ng × A) is not
statistically significant (F12,4900 = 1.06, p = 0.392), and the three-way interaction remains
non-significant (F48,4900 = 0.91, p = 0.652). These results demonstrate that, although
the macroscopic structural inference of sample profiles is sensitive to distinct interaction
scales, the overall resolution power of the latent model remains strictly constrained by the
primary generative parameters.

Consistent with the evaluation of the taxonomic compositions, the variance homogeneity
of the sample-level prevalence reconstruction scores (Γ) is formally assessed. Levene’s test
is applied model to determine if the inference uncertainty is subject to heteroskedasticity
depending on the generative parameters. The results (Table 5.4) indicate significant
heteroskedasticity across all tested experimental factors. The dispersion parameter (ϕ)
and the cohort size (Ng) exert an impact on the variance of the correlation scores, as
evidenced by infinitesimal adjusted p-values. The biological effect amplitude (A) also
significantly modulates this dispersion, albeit to a slightly lesser extent. These findings
statistically corroborate the visual observations (Figure 5.8): structural overdispersion
and sampling effort govern not only the mean inference fidelity but also the structural
stability of the estimates across the simulations.

51



5.2.3 Taxon observation probability reconstruction (matrix P ):
RMSE evaluation

The global reconstruction fidelity is quantified by comparing the simulated generative
probability matrices (Psim) to the corresponding estimations inferred by the LDA model
(PLDA). This evaluation utilizes the RMSE across the full experimental design (Figure
5.9).
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Figure 5.9: Evolution of the taxon observation probability reconstruction errors
(matrix P ) across the experimental design. The graph illustrates the distribution of
the RMSE computed between the simulated ground truth matrices (Psim) and the inferred
matrices (PLDA). A score approaching 0 indicates optimal structural reconstruction. Each
point represents an independent simulation. The data are stratified into facets according
to cohort size (Ng, ranging from 10 to 100 samples per group). The x-axis represents the
magnitude of the imposed biological effect (A). Colors indicate the dispersion parameter
ϕ (ranging from blue for high overdispersion to orange for low overdispersion). Black
diamonds denote the mean error for each condition. Trend lines are colored according to
ϕ.

In contrast to the previously employed similarity metrics, the RMSE scale is inversely
proportional to reconstruction fidelity: a value approaching zero indicates better structural
precision. The observed error scores span a restricted interval, ranging from approximately
0.04 (highest observed error) to 0.0007 (optimal precision). Consistent with the evaluation
of the latent matrices (β and Γ), visual analysis displays that stochastic overdispersion
(ϕ) remains the predominant factor driving inference degradation.

However, the variance distribution of this global error exhibits distinct structural dif-
ferences when compared to the independent latent parameter estimations. Primarily,
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the variance amplification effect induced by cohort size (Ng) under highly overdispersed
conditions appears visually attenuated. Furthermore, whereas the latent similarity scores
demonstrated a systematic global improvement as sampling increased, the global error
does not display a corresponding systematic reduction pattern of its upper bound. The
maximal errors generated under extreme overdispersion (ϕ = 0.5) plateau at approximately
0.02, independent of the cohort size.

Conversely, the optimal precision threshold for minimal overdispersion conditions (the
lower bound of the error distribution) is achieved efficiently within smallest cohorts tested
(Ng = 10), and exhibits increased structural stability as sample sizes expand. Finally, the
mean trend lines display increased slope variability within larger cohorts, indicating a
potentially complex interaction effect of the biological amplitude (A) on the mitigation of
the global structural error.

The preceding visual observations regarding the global reconstruction of the observation
probabilities (P ) are formally quantified through an analysis of deviance (Table 5.5).
Given the continuous, strictly positive, and right-skewed nature of the error metric, this
sensitivity analysis is derived from a GLM utilizing a Gamma error distribution and a log
link function. (A full version of the table is provided in Appendix A.8.)

Table 5.5: Sensitivity analysis of the probability reconstruction errors (matrix
P ) – Analysis of deviance. The table presents the F -statistics and associated empirical
p-values for the main effects and interactions evaluated across the experimental design
(N = 5000 simulations). Degrees of freedom for the numerator and denominator (Residuals:
4900) are indicated.

Factor / Interaction F -value p-value

Dispersion Parameter (ϕ) 5612.09 < 0.001
Biological Effect Amplitude (A) 53.01 < 0.001
Cohort Size (Ng) 34.79 < 0.001
A×Ng 4.10 < 0.001
ϕ× A 1.04 0.408
ϕ×Ng 0.41 0.959
ϕ×Ng × A 0.16 1.000

The dispersion parameter (ϕ) consistently remains the dominant factor governing the
variance of the reconstruction error (F4,4900 = 5612.09, p < 0.001). However, in contrast
to the specific latent evaluations (β and Γ), a distinct shift in the relative impact of the
secondary effects is observed. The biological effect amplitude A (F4,4900 = 53.01, p < 0.001)
overtakes the cohort size Ng (F3,4900 = 34.79, p < 0.001). This shift demonstrates that
the restoration of the global matrix structure relies more heavily on the initial strength of
the cohort covariate than on the raw number of samples available to resolve the inference.

Examination of the interaction terms confirms the distinct structural dynamics of this
global metric. Unlike the isolated latent parameter reconstructions, all interactions
involving structural overdispersion (ϕ × Ng and ϕ × A) entirely lose their statistical
significance (F12,4900 = 0.41, p = 0.959 and F16,4900 = 1.04, p = 0.408, respectively).
This statistical independence formally translates the previous visual observation: neither
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increased sample sizes nor pronounced biological signals effectively mitigate the substantial
global error generated under severe stochastic noise conditions.

Conversely, the joint relationship between the biological effect and the cohort size (A×Ng)
emerges as the sole significant two-way interaction (F12,4900 = 4.10, p < 0.001). Finally,
the recurring absence of a significant three-way interaction (F48,4900 = 0.16, p = 1.000)
mathematically indicates that the global reconstruction fidelity is not subjected to complex
higher-order parameter interdependencies.

Beyond the evaluation of mean reconstruction scores, the dispersion of the fidelity estimates
is formally assessed to determine if the inference uncertainty is subject to heteroskedasticity.
Levene’s test is conducted to quantify the influence of generative parameters on the variance
of the similarity scores. The results (Table 5.6) reveal a structural divergence compared
to the isolated latent matrices. While the dispersion parameter (ϕ) and the biological
effect amplitude (A) exert a significant impact on the variance of the global error (with
the influence of ϕ exceeding standard computational precision limits, p < 2.2 × 10−16),
the cohort size (Ng) does not induce significant heteroskedasticity (p = 0.181). This
statistical finding confirms the previous visual observation (Figure 5.9): although sample
size influences the mean inference error, it does not significantly modulate the dispersion
boundaries of that global error across independent simulations.

Table 5.6: Impact of simulation parameters on the variance of probability
reconstruction errors (P ). Results of Levene’s tests evaluating the homogeneity of
variance across experimental generative factors. Empirical p-values are adjusted using the
FDR method to account for multiple comparisons. p-values computed as exactly zero by
the software are reported as being below the machine epsilon (< 2.2× 10−16).

Factor Raw p-value Adjusted p-value (FDR)

Biological Effect Size (A) 7.13× 10−12 1.07× 10−11

Size Parameter (ϕ) < 2.2× 10−16 < 2.2× 10−16

Cohort Size (Ng) 0.181 0.181

5.2.4 Summary of Reconstruction Performance Across Latent
Matrices

In conclusion, the systematic evaluation of inference fidelity demonstrates that the latent
model possesses a reliable reconstruction capacity, strictly conditioned by the balance of
the generative parameters. Across all evaluated metrics, the size parameter (ϕ) consistently
constitutes the predominant limiting factor, governing both the variance and the overall
precision of the estimations.

The analyses nevertheless reveal distinct parametric sensitivities depending on the re-
constructed matrix. The precise structural resolution of the taxonomic compositions
(β) depends on an interaction between stochastic overdispersion and sampling effort
(ϕ × Ng), where expanded cohorts (Ng = 100) are necessary to stabilize the structural
estimates. The inference of sample-level prevalences (Γ) shares this exact interaction
dynamic (ϕ×Ng), yet the optimal fidelity plateau is achieved with more restricted cohort
sizes (Ng = 50). Furthermore, a distinct shift in the relative impact of the main effects is

54



definitively confirmed during the evaluation of the global probability error (P ). For this
macroscopic metric, the biological effect amplitude (A) overtakes the cohort size (Ng) as
the secondary influencing factor, while all interactions involving stochastic overdispersion
lose their statistical significance.

Finally, the systematic absence of a significant three-way interaction across all deviance
analyses is a favorable indicator of the structural stability of the inference framework. The
joint influence of the three simulation parameters remains decomposable into interpretable
main effects and pairwise interactions, suggesting that the degradation mechanisms
operate independently rather than through complex entangled dynamics. This parametric
separability ensures that the performance of the pipeline remains interpretable and
predictable across the factorial design. Taken together, these results highlight two
distinct optimization targets: cohort size primarily governs the precision of taxonomic
signature recovery, while biological effect magnitude constitutes the principal determinant
of successful cohort differentiation.

5.3 Type I error control and statistical power of PER-
MANOVA group testing

Beyond structural inference fidelity, this section assesses the preservation of the biological
signal required for cohort differentiation. The analytical framework operates sequentially:
the LDA algorithm first infers the latent space in a strictly unsupervised manner, without
prior knowledge of sample affiliations. Subsequently, the predefined cohort covariates
are explicitly provided to a PERMANOVA test. This formal statistical test assesses
whether the variance explained by the group affiliations is significantly detectable within
the inferred topic prevalences (matrix Γ). The reliability of this pipeline is quantified
through a joint analysis of the false positive rate (Type I error) and the statistical power
(true positive rate).

5.3.1 False positive rate under null conditions (A = 0): Type I
error control

The evaluation of the False Positive Rate (FPR) is a fundamental requirement to validate
the statistical reliability of the analytical pipeline. This specific analysis is strictly restricted
to simulations lacking an underlying biological effect between the cohorts (A = 0). This
step ensures that the combination of stochastic overdispersion (ϕ) and the latent inference
process (LDA) does not generate artificial cohort separations in the absolute absence of a
true group effect.

Visual inspection of the distribution (Figure 5.10) reveals the absence of a systematic
pattern linking the generative parameters to an inflation of the Type I error. The measured
FPR oscillates stochastically within a restricted boundary, ranging from 0% (observed
under conditions such as Ng = 25, ϕ = 0.5 and Ng = 50, ϕ = 10) to a maximum of 8%
(observed under conditions such as Ng = 10, ϕ = 1 and Ng = 50, ϕ = 0.5). Because these
rates are computed across 50 independent replicates per factorial condition, the error
percentages inherently fluctuate by discrete increments of 2%.

The observed error rates distribute consistently around the nominal 5% (p-value < 0.05)
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Figure 5.10: Evaluation of the False Positive Rate (Type I error) across varying
cohort sizes (Ng) and dispersion parameters (ϕ). The bar chart illustrates the
percentage of simulations, generated strictly without a true biological effect (A = 0),
that yielded an erroneous statistically significant group effect (p ≤ 0.05) during the
PERMANOVA test applied to the inferred prevalence matrix (ΓLDA). The red dashed
line denotes the standard nominal tolerance threshold set at 5% (p-value < 0.05). The
x-axis stratifies the results by cohort size (Ng), and the bar colors indicate the dispersion
parameter ϕ (ranging from 0.5 in blue to 50 in yellow).

tolerance threshold (red dashed line). Specifically, 13 out of the 20 evaluated conditions
(65%) remain strictly below the 5% mark. This stochastic distribution represents the
expected statistical behavior of an unbiased hypothesis testing framework. Most notably,
severe stochastic overdispersion (decrease in ϕ), which previously demonstrated a profound
degradative impact on structural inference fidelity, does not induce spurious cohort
separations.

The lack of systematic correlation between the dispersion parameter (ϕ), the cohort
size (Ng), and the FPR supports the validity of the pipeline. It demonstrates that the
unsupervised LDA algorithm does not translate extreme stochastic variance into artificial
group structures. The reliability of the inference is consequently validated in the absence
of an underlying signal, confirming a controlled Type I error rate.

To statistically evaluate the stability of the FPR and formally test the influence of the
generative parameters on the Type I error rate, GLM (specifying a binomial family and a
logit link function is fitted). Subsequently, an analysis of deviance utilizing a LR test is
conducted to assess the global significance of the main effects (Table 5.7).

The analysis of deviance (Table 5.7 mathematically corroborates the stochastic distribution
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Table 5.7: Analysis of deviance evaluating the global impact of generative
parameters on the Type I error rate. The table presents the LR χ2 statistics, degrees
of freedom (Df ), and associated p-values derived from the binomial GLM. This analysis
assesses whether the dispersion parameter (ϕ) or cohort size (Ng) significantly alters the
probability of generating a false positive under null biological effect conditions (A = 0).

Factor Df LR χ2 p-value

Size Parameter (ϕ) 4 4.07 0.397
Cohort Size (Ng) 3 5.04 0.169
Ng : ϕ 12 11.74 0.467

observed visually (Figure 5.10). The results confirm that neither structural overdispersion
(ϕ) nor cohort size (Ng) exerts a statistically significant global impact on the probability
of generating a false positive (all p > 0.05). This statistical independence definitively es-
tablishes that the LDA inference framework does not artificially inflate the PERMANOVA
Type I error rate, even under extreme conditions of stochastic noise or restricted sampling.
The detailed model coefficients, expressed as OR, are provided for exhaustive reference in
Appendix A.9.

5.3.2 Statistical power of cohort effect detection across simulation
parameters

Statistical power evaluates the sensitivity of the analytical framework, specifically its
capacity to correctly detect a simulated biological effect when it is truly present (A ̸= 0).
Within this evaluation, a successful detection is formally defined by a PERMANOVA
p-value strictly below the standard 0.05 significance threshold. Maximizing this metric
is strictly equivalent to minimizing the risk of producing false negatives (Type II error,
β), thereby ensuring that true underlying biological signals are successfully identified
following the inference process.

The evaluation of the statistical power (Figure 5.11) reveals more structured detection
dynamics than those observed during the FPR analysis (Figure 5.10). Globally, the
capacity of the pipeline to correctly identify a biological difference increases concurrently
with the three generative parameters: a higher biological signal amplitude (A), an expanded
cohort size (Ng), and reduced stochastic overdispersion (increased ϕ).

Visual inspection (Figure 5.11) allows for the identification of several critical operational
limits below which the inference fails to reach the 80% power target:

1. Severe stochastic overdispersion (ϕ = 0.5) systematically suppresses detection, unless
compensated by a highly pronounced biological signal (A ≥ 0.75) or expanded cohort
sizes (Ng ≥ 50).

2. A biological effect of low magnitude (A = 0.25) remains largely undetectable, it
necessitates minimal overdispersion (ϕ ≥ 5) and maximal sampling (Ng = 100) to
achieve the significance threshold.

3. Restricted cohorts (Ng = 10) exhibit insufficient overall power, surpassing the 80%
threshold exclusively under conditions of a clear biological signal (A ≥ 0.5) coupled
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Figure 5.11: Evaluation of the statistical power (1 - Type II error) across the
experimental design. The bar chart illustrates the percentage of simulations, that
yielded a correct, statistically significant group effect (p ≤ 0.05) via the PERMANOVA
test applied to the inferred prevalence matrix (ΓLDA). The red dashed line indicates
the target statistical power threshold, classically established at 80%. The results are
stratified into facets according to cohort size (Ng). The x-axis represents the magnitude
of the imposed biological effect (A), and the bar colors denote the dispersion parameter ϕ
(ranging from blue for high overdispersion to yellow for low overdispersion).

with controlled structural variance (ϕ ≥ 5).

Conversely, several factorial configurations allow a high-performance plateau (power
≥ 80%) to be consistently reached:

1. Cohort sizes of Ng = 25 mark a transition toward high detection rates, with statistical
power consistently exceeding the 80% threshold provided that either the biological
effect is moderate (A ≥ 0.25) or stochastic overdispersion is well-controlled (ϕ ≥ 5).

2. Moderate to low overdispersion (ϕ ≥ 5) ensures high statistical power provided the
biological effect amplitude is at least moderate (A ≥ 0.5).

3. An effect amplitude of A = 0.75 allows for highly reliable detection across the
vast majority of scenarios, rendering the results obtained at A = 1 nearly perfect.
The achievement of these high performance levels empirically validates the upper
boundary set for this generative parameter (exploring higher signal amplitudes
would be superfluous for the evaluation of the framework’s detection capacity).

To statistically quantify these compensatory dynamics and establish the relative importance
of the generative factors, GLM with a binomial family and a logit link function is fitted.
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Subsequently, an analysis of deviance utilizing a LR test is conducted to assess the global
significance and effect size of each parameter and their interactions (Table 5.8).

Table 5.8: Analysis of deviance evaluating the global impact of generative
parameters on statistical power. The table presents the LR χ2 statistics, degrees
of freedom (Df ), and associated p-values derived from the binomial GLM. This analysis
assesses the global significance of the biological effect amplitude (A), structural dispersion
(ϕ), and cohort size (Ng).

Term LR χ2 Df p-value

Effect Size (A) 1538.52 4 < 0.001
‘ Cohort Size (Ng) 1018.08 3 < 0.001
Size Parameter (ϕ) 267.31 4 < 0.001
A : Ng 72.37 9 < 0.001
A : ϕ 39.94 12 < 0.001
ϕ : Ng 14.34 12 0.279
A : Ng : ϕ 15.93 36 0.998

The analysis of deviance corroborates the visual trends, identifying the biological signal
amplitude (A) and the cohort size (Ng) as the primary determinants of statistical power.
The magnitude of the OR (detailed in Appendix A.10) further confirms this shift in the
relative magnitude of the generative factors: while a substantial increase in sampling
effort (Ng = 100) multiplies the odds of detection by ∼ 170 (OR: 169.48), the influence of
the biological signal amplitude remains even more pronounced, with an OR of ∼ 497 for
the maximum effect (A = 1.0).

Notably, this analysis reveals a structural divergence from the previous reconstruction
fidelity assessments: the dispersion parameter (ϕ) now constitutes the least influential
factor governing detection power. While structural overdispersion remains a significant
covariate, its relative impact on the probability of a successful detection is markedly
inferior to that of the cohort size or the biological signal.

Furthermore, the significant interactions between the biological signal and the technical
parameters (A× ϕ and A×Ng) validate the previously observed compensatory dynamics.
These results demonstrate that the pipeline efficiency is primarily governed by the strength
of the biological contrast, followed closely by the cohort sampling depth, with these
parameters acting in synergy to mitigate the deleterious impact of structural overdispersion.

5.3.3 Summary of PERMANOVA Reliability: Type I Error and
Statistical Power

In conclusion, the joint evaluation of Type I and Type II errors demonstrates the statistical
reliability of the LDA inference coupled with a PERMANOVA test framework. The results
indicate that the pipeline maintains a controlled FPR, oscillating around the nominal
5% threshold, even under extreme conditions of overdispersion or weak effect size. This
control ensures that the latent inference process does not translate structural noise into
spurious cohort separations. Conversely, the statistical power analysis highlights the
parametric requirements for the accurate detection of true group-level differences.
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Although the inference performance reaches operational limits when faced with maximal
tested stochastic overdispersion (ϕ = 0.5), restricted cohort sizes (Ng = 10), or minimal
biological signals (A = 0.25), the framework exhibits compensatory dynamics. These
results demonstrate the suitability of the LDA pipeline to preserve and extract the biological
signal required for cohort differentiation. Specifically, the deleterious influence of stochastic
overdispersion can be mitigated by either sufficient sampling effort (ideally Ng ≥ 50) or,
most effectively, by the presence of a pronounced biological contrast (A ≥ 0.75).
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6. Discussion

6.1 Summary of the Pipeline Performance

While the present simulations define experimental groups purely through mathematical
shifts in latent topic prevalence, the ultimate objective of applied microbiota profiling is to
reliably associate specific microbial structures with real-world phenotypes. As emphasized
by Debelius et al. (2016), these biological cohorts can be defined by a diverse array of
criteria, such as distinct dietary patterns, age gradients, or specific medication exposures.
Large-scale population studies demonstrate that these clinical and environmental covariates
act as deterministic drivers of microbiome composition, generating the macroscopic cohort
signatures targeted by statistical inference (Zhernakova et al. 2016). However, successfully
identifying these overarching cohort effects is notoriously difficult due to inherent data
overdispersion, necessitating rigorous experimental design to secure adequate statistical
power (Debelius et al. 2016).

Within this context, the primary objective of this study is to evaluate the capacity of an
analytical pipeline, combining a LDA model and a PERMANOVA test, to infer these
overarching differences between known a priori microbiota cohorts based on their latent
topic prevalence profiles. Consequently, the main tasks consist of verifying the reliability of
the LDA algorithm to reconstruct the simulated latent matrices (composition β, prevalence
Γ, and taxon observation probabilities (P )), and subsequently assessing the statistical
power of the PERMANOVA test to detect the simulated cohort effect from these inferred
variables. To achieve this, a full factorial design is implemented, varying the biological
effect amplitude (A, 5 levels), the overdispersion modeled by the size parameter (ϕ, 5
levels)1, and the cohort size (Ng, 4 levels). This framework enables the identification of the
experimental conditions influencing the fidelity of the latent inference and the statistical
accuracy of the group comparison test.

The systematic analysis of the latent matrix reconstruction scores (β, Γ, and P ) reveals
common inference dynamics. The size parameter (ϕ) is consistently identified as the
primary explanatory factor for the model deviance. Inference fidelity is substantially
reduced by pronounced overdispersion (characterized by ϕ ≤ 1), resulting in decreased
similarity scores and an increased RMSE. Although the other two evaluated main effects
(A, Ng) demonstrate a statistically significant impact on reconstruction accuracy, their
relative importance varies depending on the evaluated matrix. For the β and Γ matrices,
cohort size (Ng) exerts a greater influence than biological effect magnitude (A), whereas a
reversal of this relative importance is observed when evaluating the taxon observation
probabilities (P ). The predominant impact of overdispersion is further confirmed by the

1In the statistical literature, the coefficient controlling the variance term is alternately defined as
a dispersion parameter (α, where V ar = µ+ αµ2, such that higher values increase variance) or a size
parameter (ϕ, where V ar = µ+µ2/ϕ, such that higher values decrease variance). The size parameterization
is explicitly utilized here to directly align with its native implementation in the rzinb package used
within the simulation codebase.
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analysis of two-way interactions: the ϕ parameter is a central component of the most
influential interactions for the latent compositions (namely ϕ×Ng for the β matrix and
ϕ×A for the Γ matrix) (Tables 5.1, 5.3, 5.5). Furthermore, the absence of any significant
three-way interaction indicates that main effects and two-way interactions are sufficient to
capture the variance in algorithmic performance. Beyond average performance trends, the
stability of the unsupervised inference is assessed by analyzing the heteroskedasticity of
the reconstruction scores. Median-centered Levene’s tests demonstrate that the dispersion
of the metrics is significantly influenced by the three simulation parameters. Consistent
with the sensitivity analysis, the overdispersion parameter (ϕ) acts as the primary driver
of inference instability across all evaluated matrices. For the latent composition (β)
and prevalence (Γ) matrices, score variance is additionally affected by cohort size (Ng)
and biological effect amplitude (A). Conversely, the dispersion of the RMSE for taxon
observation probabilities (P ) is solely driven by overdispersion and biological effect
magnitude, as cohort size does not yield a statistically significant impact on this specific
variance.

Regarding the reliability of the group comparison, the analysis highlights the stability of
the analytical pipeline in the absence of an underlying biological signal (A = 0). A primary
concern when applying unsupervised algorithms to compositional data is the potential
generation of spurious clustering driven entirely by sequencing noise and structural sparsity
(Gloor et al. 2017). However, the stability of the Type I error rate indicates that the
pipeline does not generate illusory cohort differences, even when confronted with extreme
overdispersion. The FPR fluctuates stochastically around the 5% nominal threshold,
ranging between 0% and 8% (Figure 5.10). This robust control of the FPR is particularly
noteworthy, as recent large-scale benchmarking studies have demonstrated that traditional
differential abundance methods frequently fail to control false discovery rates under the
null hypothesis, often generating an alarming excess of spurious discoveries (Hawinkel
et al. 2019; Thorsen et al. 2016).

Conversely, the analysis of statistical power reveals operational thresholds governing
the capacity to detect the cohort effect (Figure 5.11). Statistical power is compromised
(< 80%) under conditions of restricted sampling (Ng = 10) combined with a weak
biological signal (A = 0.25) or pronounced overdispersion (ϕ ≤ 1). Below these thresholds,
underlying cohorts signatures are not sufficiently resolved within the inferred latent space
to yield a statistically significant group difference. Alternatively, an operational plateau
(power ≥ 80%) is reached under more favorable experimental parameters: attenuated
overdispersion (ϕ ≥ 5), a marked biological effect (A ≥ 0.75), or a sufficiently sized cohort
(Ng ≥ 25) consistently enhances the detection of the cohorts signatures. These empirical
tipping points are supported by significant ORs derived from the GLM (Table A.10).
Furthermore, under highly discriminative configurations combining optimal parameter
values (e.g.„ strong biological signal and minimal overdispersion), the cohort profiles are
distinctly separated within the inferred latent space. This maximal inter-group distance
ensures the systematic detection of the underlying biological effect, reliably yielding 100%
statistical power.
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6.2 Combining LDA dimensionality reduction and PER-
MANOVA testing for microbiome cohort compari-
son

The application of distance-based statistical tests directly to raw microbiome count matrices
presents significant mathematical challenges. Because sequencing data are inherently
compositional (Gloor et al. 2017), highly dimensional (p >> N), profoundly sparse and
subject to severe structural overdispersion (ϕ), traditional comparative analyses often lack
statistical power and fail to control false discovery rates (Hawinkel et al. 2019). When the
PERMANOVA is applied directly to the high-dimensional taxon space, the true biological
effect (A) is frequently masked by stochastic noise and individual heterogeneity. The
"curse of dimensionality" inherently distributes the statistical evaluation across microscopic
fluctuations among hundreds of rare taxa, diluting the macroscopic biological variance
and severely degrading the reliable detection of cohort signatures.

To circumvent these structural limitations, dimensionality reduction via LDA functions as a
structural filter. Instead of treating taxa as independent variables, the LDA extracts deter-
ministic co-occurrence patterns, grouping them into macroscopic latent sub-communities
(topics). Crucially, unlike DMM models or global hard-clustering approaches that con-
strain each sample into a single discrete cluster (Costea et al. 2018; Ravel et al. 2011),
LDA is a mixed-membership model (Blei et al. 2003; Sankaran and S. Holmes 2019). It
models samples as exhibiting fractional memberships across multiple topics, an approach
that fundamentally aligns with the ecological reality of the microbiota, where microbes
operate as continuous interacting networks rather than mutually exclusive isolated entities
(Pappalardo et al. 2024; Sankaran and S. Holmes 2019; Symul et al. 2023).

Recent applications confirm the relevance of this architecture. Pappalardo et al. (2024)
demonstrated that LDA-based models accurately reconstruct complex taxonomic struc-
tures across diverse microbial niches. Furthermore, Symul et al. (2023) successfully applied
mixed-membership topic models to identify latent sub-communities in the vaginal mi-
crobiota, revealing longitudinal transitions and disease-associated states that traditional
global clustering approaches failed to capture.

By tracking multiscale topic alignments, as formalized by Fukuyama et al. (2021) via the
alto framework, the latent space provides a mathematically stable representation of the
underlying biological structures. Crucially, this architecture maintains high structural
fidelity when confronted with background data heterogeneity—a dynamic directly analo-
gous to the severe overdispersion (ϕ) evaluated in the present simulations. Fukuyama et al.
(2021) demonstrated that evaluating topic coherence across varying resolutions facilitates
the distinction of true latent sub-communities from unmodeled sample-to-sample variation.
Furthermore, Huo et al. (2025) recently highlighted the capacity of LDA, coupled with
PERMANOVA, to resolve inter-sample heterogeneity in pathological ecosystems. The
model successfully decomposes overlapping bacterial communities to reveal intermediate
disease states that remain undetected by standard linear analyses.

Consequently, applying the a posteriori PERMANOVA to the LDA-derived prevalence
matrix (Γ), rather than the raw taxonomic counts, structurally enhances the statistical
comparison. This synergy leverages the capacity of the LDA to isolate true co-occurrence
patterns from structural overdispersion. The dimensionality reduction compresses the
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feature space from hundreds of dispersed taxa (F ) (where individual fluctuations are
typically uninformative (Sankaran and S. Holmes 2019)) down to a restricted number of
mathematically stable latent topics (K). By evaluating the variance of these stabilized
macroscopic communities, the PERMANOVA amplifies the signal-to-noise ratio. This
specific strategy of performing downstream statistical evaluations on the LDA latent
space rather than raw counts is mathematically demonstrated to improve discriminatory
performance by filtering stochastic dispersion (Blei et al. 2003), a principle recently
validated in microbial ecology for testing community associations by Pappalardo et al.
(2024). This methodological pairing explains the high statistical power observed in the
present simulations when a sufficiently distinct biological effect is present, confirming the
pipeline as a reliable tool for discerning complex ecological shifts in overdispersed clinical
or experimental datasets (Huo et al. 2025).

6.3 Influence of the Experimental Parameters on Pipeline
Performance

6.3.1 Structural Impact of the Invariant Parameters

The sensitivity analysis evaluates the variable parameters of the experimental design
(A, Ng, ϕ). However, the performance of the LDA algorithm is also constrained by the
invariant parameters of the generative architecture, which dictate the dimensionality of
the inference problem (see Section 4.2.1).

The a priori definition of the number of latent topics (K = 5) constitutes a restricted
simulation framework. In empirical studies, the optimal number of topics is unknown,
and its estimation (model selection) constitutes a primary source of analytical uncertainty
(Pappalardo et al. 2024). By providing the LDA algorithm with the exact generative
value of K, the present experimental design prevents the structural forced merging or
splitting of latent profiles inherently caused by dimensionality misspecification, a well-
documented phenomenon in multiscale topic analysis (Fukuyama et al. 2021). Although
severe overdispersion may still induce the confusion of these profiles, this initial alignment
between the generative ground truth and the latent search space contributes to the
stability of the Type I error rate. Consequently, the pipeline evaluates accurately bounded
biological constructs rather than artificial partitions driven by dimensional constraints.

Secondly, taxonomic richness (the number of taxa, F ) is maintained at 100. From a
algorithmic perspective, expanding this bacterial vocabulary could theoretically provide
additional data points to refine the reconstruction of the composition matrix (β). Neverthe-
less, microbiome ecosystems are inherently characterized by a heavy-tailed rank-abundance
distribution (France et al. 2020), where the vast majority of species exist at extremely
low abundances (a phenomenon termed the "rare biosphere" (I. Holmes et al. 2012)).
Due to these distributional constraints, increasing F primarily generates a larger pool of
extremely rare taxa with infinitesimal emission probabilities. In the context of probabilis-
tic topic modeling, such sparsity creates significant mathematical constraints (Blei et al.
2003; I. Holmes et al. 2012). Excessive taxonomic complexity structurally degrades the
reconstructive capacity of the model, as the macroscopic latent signal becomes obscured
by a multitude of micro-variations that are generally uninformative (Hawinkel et al. 2019;
Sankaran and S. Holmes 2019). To mitigate this, standard text-mining preprocessing rou-
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tinely filters out extremely rare terms to stabilize inference (Grün and Hornik 2011). This
principle translates directly to microbial ecology, where recent LDA applications explicitly
advocate for the stringent filtering of rare OTUs or ASVs prior to dimensionality reduction.
Removing this extreme sparsity prevents sequencing artifacts from driving the discovery
of spurious sub-communities (Huo et al. 2025; Pappalardo et al. 2024). Consequently,
restricting F in the present simulations facilitates the evaluation of mathematically stable
ecological structures rather than algorithmic noise.

Finally, the configuration of the composition parameter (η = 5) plays a fundamental role
in the topology of the generated data. This parameter constrains the Beta distribution
governing the generative composition matrix (β ∼ Dir(αc), where αc ∼ Beta(1, η)),
which ultimately shapes the simulated count matrix. Specifically, setting η = 5 defines
a distribution characterized by a low mean (µ ≈ 0.167) and low variance (σ2 ≈ 0.02
(Forbes et al. 2010a)). This yields small, tightly clustered αc priors that force the Dirichlet
distribution toward the edges and corners of the simplex, thereby generating the structural
sparsity characteristic of biological sub-communities (Blei et al. 2003; Fukuyama et al.
2021). The sorting step further organizes the topics along a gradient of taxonomic
concentration: Topic 1, assigned the smallest αc values, is dominated by a single taxon,
while Topic K, assigned the largest values, exhibits a comparatively more even distribution.
Increasing this η parameter would push the probability mass onto an even more restricted
number of ultra-dominant species, reducing the remaining taxa to negligible residual
probabilities (Wallach et al. 2009). Although such extreme sparsity accurately models
certain low-diversity ecosystems (such as the vaginal microbiota (France et al. 2020; Symul
et al. 2023)), it structurally increases the difficulty of latent resolution. Because LDA
fundamentally relies on identifying co-occurrence patterns (Sankaran and S. Holmes 2019;
Pappalardo et al. 2024), reducing minority taxa to infinitesimal probabilities deprives
the inference of crucial associative links. Under VEM optimization (Blei et al. 2003),
the absolute frequency of a single dominant taxon systematically overwhelms the subtle
correlational signals originating from the rare taxa. The mathematical distinction between
latent profiles is thus forced to rely on negligible variations in the distribution tail, lacking
the statistical power to drive accurate inference. Conversely, while decreasing the η
parameter would artificially facilitate algorithmic reconstruction by generating uniform
communities with visible structural links, such a configuration was discarded as it fails
to reflect the fundamentally overdispersed and skewed nature of genuine microbiota
ecosystems (I. Holmes et al. 2012).

6.3.2 Effect of Each Simulation Parameter on Inference Fidelity
and Group Effect Testing

6.3.2.1 Overdispersion (ϕ) as the Primary Driver of Inference Degradation

Evaluated across five discrete levels, the size parameter (ϕ) intervenes exclusively during
the final stage of the generative process (cf. Section 4.1.2): the transition from the
ideal taxon observation probability matrix (P ) to the final count matrix via the NB
distribution. This specific mathematical distribution constitutes the standard framework
for modeling the inherent structural overdispersion characterizing microbiota sequencing
counts (Hawinkel et al. 2019; McMurdie and S. Holmes 2014). The resulting altered
count matrix is subsequently provided to the LDA algorithm as a Document-Term Matrix
(DTM).
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The severe degradation of inference fidelity in the presence of pronounced overdispersion
(ϕ ≤ 1) is directly explained by the mathematical nature of this perturbation. Specifically,
decreasing the ϕ parameter structurally inflates the variance of the generated counts
relative to their mean. This inflation exacerbates stochastic abundance fluctuations,
accurately simulating both intrinsic biological heterogeneity (such as inter-individual
variability) and severe technical biases (such as PCR amplification noise) (Debelius et al.
2016; Gloor et al. 2017). Because the LDA architecture fundamentally requires recurrent
taxonomic co-occurrence patterns to infer latent profiles, extreme overdispersion obscures
true biological associations beneath random fluctuations, including artificial abundance
peaks or fortuitous absences (I. Holmes et al. 2012). Consequently, the resolution of the
underlying ecological signal is severely compromised, forcing the optimization process to
model technical noise rather than true biological variance (Hawinkel et al. 2019). This
limitation in separating signal from noise explains the collapse of the matrix reconstruction
scores (Tables 5.1, 5.3, 5.5), resulting in the structural merging of distinct latent profiles
(as illustrated by the similarity matrices for ϕ = 0.5 and ϕ = 50, Figure 5.3).

Crucially, while previous methodological studies demonstrate that unmitigated data
variability severely diminishes the accuracy of standard differential abundance methods in
microbial ecology (Hawinkel et al. 2019), the comparative analysis of the GLMs reveals a
functional decoupling between inference fidelity and statistical detectability within the
proposed pipeline. Although structural overdispersion (ϕ) acts as the primary driver
of latent reconstruction error, its impact on the statistical power of the subsequent
PERMANOVA (Table 5.8) is superseded by the amplitude of the biological effect (A) and
the cohort size (Ng). Aligning with the principles established by Debelius et al. (2016),
this reversal indicates that a sufficiently distinct biological signal systematically maintains
significant macroscopic inter-group distances within the inferred prevalence matrix (Γ),
even when the microscopic taxonomic reconstruction is partially degraded by sequencing
noise.

6.3.2.2 Cohort Size (Ng): Inference Improvement through Sampling Expan-
sion

Evaluated across four discrete levels, consistent with the law of large numbers, an increase
in cohort size (Ng) improves overall pipeline performance (Blei et al. 2003; Kelly et al.
2015). This trend is uniformly observed across both the optimization of the latent matrix
reconstruction scores (Tables 5.1, 5.3, 5.5) and the increased capacity for statistical group
effect detection (Table 5.8).

This improvement primarily derives from the co-occurrence identification mechanics
of the LDA architecture (Blei et al. 2003). The reliable extraction of latent patterns
requires a critical mass of cross-observations. Because each sample provides a defined
vector of observed taxa, increasing Ng multiplies the absolute number of available data
points. This expanded data volume provides the VEM optimization process with sufficient
empirical evidence to reach mathematical convergence and stabilize the estimation of
corpus-level parameters (Blei et al. 2003). Consequently, the inference generates more
precise composition and prevalence matrices while mitigating the impact of individual
stochastic fluctuations. This observation directly aligns with established methodological
guidelines, which identify adequate sample size as a primary requirement to secure reliable
inference (Debelius et al. 2016), and effectively offsets the high-dimensional data sparsity
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characteristic of microbiota sequencing (I. Holmes et al. 2012).

Furthermore, beyond optimizing the unsupervised inference, cohort size functions as a
critical mathematical buffer during the subsequent PERMANOVA evaluation. While
this downstream test evaluates the variance explained by the group covariate, restricted
sample sizes inherently lack the residual degrees of freedom required to reliably distinguish
overarching cohort signatures from background intra-group variance (Anderson 2001).
By expanding the cohort size, the test gains the necessary statistical power to overcome
structural overdispersion, ensuring that macroscopic inter-group distances within the
inferred latent space yield a statistically significant association (Kelly et al. 2015).

This dynamic contrasts with the structural consequences of increasing taxonomic richness
(F ). Expanding the feature space requires the partition of a finite probability space (the
unit simplex modeled by the Dirichlet distribution) into infinitesimal fractions. Because
sequencing depth is fundamentally constrained (Gloor et al. 2017), this mathematical
fragmentation inherently generates a vast majority of zero counts, severely exacerbating
data sparsity (I. Holmes et al. 2012). Conversely, increasing the cohort size (Ng) does not
alter the internal probabilistic distribution of individual samples. Within the theoretical
framework of LDA, expanding the cohort provides additional exchangeable, or conditionally
independent, observations of the underlying latent space rather than merely replicating
existing data (Blei et al. 2003). The estimation process therefore benefits from an
absolute increase in available empirical information without undergoing further probability
fragmentation, thereby avoiding the loss of reconstruction fidelity associated with high-
dimensional sparsity.

6.3.2.3 Biological Effect Amplitude (A): Signal-to-Noise Ratio and Cohort
Detectability

Similarly to the sampling expansion, an increase in the magnitude of the biological effect
(evaluated across five discrete levels of A) generates an overall improvement in inference
fidelity. This positive dynamic is observed both in the optimization of the latent matrix
reconstruction scores (Tables 5.1, 5.3, 5.5) and in the maximization of statistical power
during group effect detection (Table 5.8).

The analysis of the control scenarios (A = 0) isolates the baseline behavior of the LDA
algorithm in the absence of a conditioning covariate. Under these null conditions, the
group-specific effect weights are nullified. The prevalence of the latent topics is therefore
drawn from an identical Dirichlet prior (αp) across all samples, driven strictly by the
intercept of the weight matrix (W ). Consequently, no structural difference exists between
the cohorts. The introduction of a strictly positive A parameter anchors the latent topic
prevalence to specific group metadata (cf. Section 4.1.1.2). Mathematically, scaling these
effect weights polarizes the probability distributions, increasing the inter-group distance
within the generative prevalence matrix (Γ).

Because a pronounced biological effect magnitude (A) generates deeply segregated taxo-
nomic profiles, it strengthens the recurrent co-occurrence patterns within the simulated
count matrix. This intensified structural signal systematically facilitates the inference
of the latent space by the unsupervised model (Sankaran and S. Holmes 2019). By
providing the VEM optimization process with sharply defined community boundaries,
algorithmic convergence is enhanced, significantly improving the mathematical resolution
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of both the composition (β) and prevalence (Γ) matrices (Blei et al. 2003; Mimno and
McCallum 2012). This mathematical dynamic explains the systematic increase in latent
reconstruction fidelity observed in contrasted simulated cohorts (Tables 5.1, 5.3, 5.5).

Furthermore, the impact of this amplitude parameter (A) is more important during the a
posteriori statistical group comparison. The analysis of deviance applied to the binomial
GLM (Table 5.8)) identifies the A parameter as the primary predictor for successful
cohort detection. This importance derives from the mathematical formulation of the
PERMANOVA, which evaluates the ratio of inter-group variance (the divergence between
cohorts) to intra-group variance (natural heterogeneity and overdispersion) (Anderson
2001). During data simulation, the A parameter modulates this inter-group variance. As
demonstrated in benchmarking studies using simulated spike-ins, increasing the magnitude
of a biological effect systematically improves statistical power (Thorsen et al. 2016). By
elevating this amplitude, the injected biological signal generates a compositional divergence
that exceeds the dispersion induced by the stochastic parameter (ϕ). Consequently, the A
parameter amplifies the signal-to-noise ratio within the inferred latent structures. When
the biological variance sufficiently offsets structural fluctuations, high statistical power is
achieved (Debelius et al. 2016). This dynamic demonstrates that a pronounced biological
effect size is conserved throughout the unsupervised dimensionality reduction performed
by the LDA, enabling its reliable evaluation as explained variance by the a posteriori
PERMANOVA (Kelly et al. 2015).

6.3.3 Compensatory Dynamics: Interactions Between Signal (A),
Noise (ϕ), and Cohort Size (Ng)

The preceding analyses isolate the mechanical impact of each simulation parameter.
However, in the context of microbiota sequencing data, these variables do not operate
independently. The analysis of the two-way interactions reveals compensatory dynamics,
demonstrating that specific adjustments in the experimental design preserve inference
fidelity and statistical power despite unfavorable conditions.

6.3.3.1 Stochastic Noise Dilution Through Cohort Expansion (ϕ×Ng)

In the generative framework, the size parameter (ϕ) of the NB distribution models
the overdispersion inherently found in microbiome data (Hawinkel et al. 2019). This
variance inflation drives the generated read counts to stochastically deviate from their
theoretical probabilities. When the cohort size is restricted (e.g.„ Ng ≤ 25), the estimation
lacks sufficient cross-sectional data. Consequently, the unsupervised inference lacks the
statistical depth required to separate this stochastic dispersion from true biological co-
occurrence patterns, mathematically modeling random abundance fluctuations as genuine
latent sub-communities.

However, expanding the cohort volume effectively mitigates this vulnerability. By mul-
tiplying the number of observations, the random deviations statistically balance out at
the population scale. This structural dilution of overdispersion prevents the optimization
process from modeling spurious variations, ensuring that the VEM algorithm converges
toward the true underlying taxonomic probabilities (Debelius et al. 2016). This dynamic
explains why the ϕ : Ng interaction emerges as the most significant interaction governing
the reconstruction fidelity of both the composition (β) and prevalence (Γ) latent matrices:
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an expanded sampling volume provides the mathematical depth necessary to restore the
structural co-occurrence patterns otherwise masked by severe dispersion.

6.3.3.2 Noise Compensation Using Signal Amplitude (ϕ× A)

In a dynamic conceptually related to cohort expansion, the interaction between overdis-
persion (ϕ) and biological effect magnitude (A) illustrates a secondary compensatory
mechanism. Unlike the ϕ × Ng interaction, which impacts the entire latent space, the
analysis of deviance identifies ϕ : A as the least influential significant interaction, restrict-
ing its impact exclusively to the reconstruction of the prevalence matrix (Γ) (Table 5.3).
While an increase in Ng mitigates dispersion through statistical dilution, an expansion of
the A parameter counterbalances stochasticity by amplifying the structural signal-to-noise
ratio.

When data topology is degraded by pronounced overdispersion (ϕ ≤ 1), latent prevalence
patterns are partially obscured by stochastic abundance fluctuations. However, configuring
a high amplitude parameter (A ≥ 0.75) introduces a distinct mathematical polarization
between the simulated groups. This divergence inherently widens the inter-group distance
relative to the intra-group variance induced by the ϕ parameter. Consequently, even
among dispersed individual counts, the macroscopic group signature remains sufficiently
contrasted. This structural polarization explains why a pronounced biological effect par-
tially preserves the fidelity of the inferred Γ matrix, enabling the algorithm to approximate
the true topic distributions despite suboptimal technical conditions.

6.3.3.3 The Additive Synergy of Sampling and the Biological Signal (Ng ×A)

The interaction between cohort size (Ng) and biological effect amplitude (A) structurally
combines the benefits identified previously: sampling expansion refines algorithmic pre-
cision through increased data volume, while the amplitude parameter mathematically
polarizes the latent profiles between groups. Consequently, the combination of an expanded
cohort and a pronounced biological signal yields the most favorable inference conditions
within the study.

However, the analyses of deviance, reveals a counter-intuitive result: although it combines
the two primary improvement factors, the Ng×A interaction never emerges as a dominant
explanatory variable. Furthermore, this interaction remains strictly non-significant for
the reconstruction of the latent matrices (β and Γ, Tables 5.1, 5.3), reaching statistical
significance only for the expected probability matrix (P ) (Table 5.5). This observation is
mathematically justified by the statistical properties of the evaluated models. First, the
isolated main effects of Ng and A are intrinsically strong, thereby absorbing the majority
of the explainable variance. Their synergy is thus additive rather than multiplicative:
although higher values of these parameters mutually reinforce inference precision, their
combination does not generate a disproportionate statistical effect beyond the sum of their
individual marginal contributions. Second, the relative importance of the interaction terms
is structurally dominated by factors involving overdispersion (ϕ×Ng and ϕ×A). Because
the variance inflation induced by ϕ constitutes the primary driver of inference degradation,
compensatory dynamics (where an expanded sample volume or a high biological contrast
restores an inference previously collapsed by severe dispersion) generate substantially
stronger statistical weightings than the simple addition of two already favorable conditions.
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6.3.4 Synthesis of Inference Dynamics

The fidelity of the LDA model is strictly conditioned by the characteristics of the input
data: overdispersion (ϕ), biological effect magnitude (A), and cohort size (Ng). The
invariant parameters of the experimental design, such as taxonomic richness (F ) and
specific distribution shapes (η), also exert a continuous influence on the results, the precise
evaluation of which will require further investigation.

Among the evaluated variables, overdispersion (ϕ) acts as the primary degradation factor
during the reconstruction of the latent probability matrices (β, Γ, and P ). The high
sensitivity of the latent inference to this stochastic dispersion, which is inherent to genuine
microbiota sequencing data, warrants particular attention. However, the results demon-
strate that this loss of precision is statistically compensable. Increasing the cohort size (Ng)
dilutes the variance through the multiplication of available data points. Simultaneously,
the biological signal magnitude (A) emerges as the decisive parameter for the a posteriori
PERMANOVA. The reliable identification of the cohort effect demonstrates that the
analytical pipeline successfully isolates authentic biological signatures without them being
systematically masked by severe structural dispersion. Ultimately, the combination of
adequate cohort sizing and a distinct biological signal provides favorable inference condi-
tions, establishing the foundation for practical recommendations regarding the application
of this methodology.

6.4 Limitations of the Simulation Framework and Fu-
ture Perspectives

A primary methodological limitation of the current study lies in the restriction of the
generative parametric space. To strictly isolate and quantify the influence of overdispersion
(ϕ), cohort size (Ng), and biological effect magnitude (A), several structural variables are
deliberately maintained constant.

First, the taxonomic richness is restricted (F = 100) to exclude extremely rare taxa,
mirroring the standard bioinformatic practice of filtering raw sequencing count matrices.
Future frameworks could adapt this parameter to match specific analytical requirements
or varying filtering thresholds (Hawinkel et al. 2019; Huo et al. 2025). Simultaneously,
the hyperparameter controlling baseline sparsity (η) is fixed to establish a single common
baseline across all experimental conditions. However, this invariant η parameter prevents
the evaluation of the LDA limits when confronted with extreme sparsity, a condition
where the lack of shared taxa degrades the structural co-occurrences required to infer
latent topics (Blei et al. 2003; Pappalardo et al. 2024). A direct perspective to address this
limitation could involve transitioning from fixed theoretical values to data-driven empirical
priors. As initially described in the foundational LDA framework (Blei et al. 2003),
empirical Bayes parameter estimation could be implemented to directly infer realistic η
parameters from reference microbiota datasets, thereby anchoring the generative sparsity
strictly to genuine biological distributions.

Beyond the parametric constraints governing data sparsity, the topological complexity of
the simulated cohorts is further constrained to a design with three groups (G = 3) and a
predefined number of five latent sub-communities (K = 5). This controlled dimensionality
serves to prevent confounding the inference degradation caused by the size parameter (ϕ)
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with structural misspecification errors. However, the true number of biological topics (K)
is rarely known a priori (Grün and Hornik 2011; Pappalardo et al. 2024). Consequently, it
remains necessary to evaluate the pipeline’s behavior when the LDA model is supplied with
an incorrect K value during simulation. As demonstrated by Fukuyama et al. (2021), such
parametric misspecification mathematically induces the artificial fusion of distinct sub-
communities or the over-fractionation of continuous biological signals. A direct perspective
to address this uncertainty involves the integration of a formal model evaluation step prior
to the a posteriori PERMANOVA. While classical selection procedures rely on metrics such
as predictive perplexity computed via cross-validation to determine a single optimal latent
dimensionality (Grün and Hornik 2011), recent methodological frameworks recommend
a multi-scale analysis (Fukuyama et al. 2021). This procedure requires executing the
generative model across a range of candidate K values and assessing diagnostic metrics
(such as topic coherence and refinement) to systematically track how biological signals
align across dimensions and ensure the fidelity of the inferred signatures.

The univariate structure of the current generative framework constitutes an additional
constraint. At present, a single categorical covariate (the cohort affiliation) conditions
the latent space, and this effect is exclusively restricted to the simulated topic prevalence
matrix (G). Consequently, the internal taxonomic composition of the topics (β) remains
strictly unconditioned. To better reflect the multifactorial nature of genuine microbiota,
future iterations require the integration of multivariate experimental designs. Incorporating
additional covariates (e.g., age or technical factors) would allow for confounder adjustment
directly during the latent inference (Mimno and McCallum 2012; Roberts et al. 2019;
Valle et al. 2021). Furthermore, extending this parameterization to directly modulate the
composition matrix (β) would represent an analytical evolution. Allowing biological or
environmental factors to structurally alter the taxonomic probabilities within the sub-
communities could significantly refine the identification of condition-specific biomarkers.

Beyond the immediate extensions of the current framework, a broader developmental
perspective concerns the nature of the data structure itself. The current methodology is
strictly conceptualized for cross-sectional data, where samples are assumed to be indepen-
dent and temporally exchangeable (Blei et al. 2003). Extending this statistical framework
to encompass longitudinal study designs therefore constitutes a natural yet substantial
analytical evolution. Implementing architectures such as Dynamic Topic Models (Blei
and Lafferty 2006) permits the temporal tracking of microbial sub-communities and their
interactions. While transitioning to temporal dynamics represents fundamental method-
ological extension beyond the immediate scope of this study, such models provide the
analytical resolution required to evaluate microbiota trajectories and structural resilience
over time.
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7. Conclusion

By evaluating the LDA-PERMANOVA pipeline through a controlled in silico full factorial
design, this thesis establishes the parametric boundaries governing its reliability for
detecting cohort differences in overdispersed microbiota composition data. The in silico
framework developed here provides a structured, ground-truth-anchored environment in
which the statistical behavior of the pipeline is systematically characterized, independently
of the confounding factors inherent to empirical datasets. The full factorial design
enables the precise isolation of the individual contributions of ϕ, Ng, and A to the overall
performance of the pipeline.

While Huo et al. (2025) recently demonstrated the capacity of LDA to resolve severe
inter-sample heterogeneity in empirical microbiota datasets, to our knowledge, the formal
simulation-based characterization of the joint LDA-PERMANOVA pipeline remains
largely unaddressed in the literature. The present work addresses this methodological gap.
The functional decoupling between latent inference fidelity and statistical detectability
constitutes a key finding of this evaluation: the framework exhibits reliable cohort
differentiation capacity even when the latent taxonomic reconstruction is partially degraded
by overdispersion. This stability represents a fundamental property that standard taxon-
level approaches frequently struggle to maintain (Hawinkel et al. 2019; Thorsen et al.
2016).

The parametric boundaries established here define a foundation for subsequent methodolog-
ical refinements, including the integration of K misspecification, multivariate covariates,
and longitudinal architectures, as outlined in the preceding discussion. Consequently,
this thesis positions the LDA-PERMANOVA framework as a mathematically principled
alternative for navigating the inherent complexity of microbiota composition datasets,
providing an approach whose operational limits are now quantitatively mapped.
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A. Supplementary Material

A.1 Supplementary Material: Computational Environ-
ment and Package Dependencies

All computational analyses are conducted in R (version 4.4.1) using RStudio (version
2026.05.0+218, “Golden Wattle”). The following table details the versions of the packages
utilized throughout this pipeline to ensure reproducibility of the statistical analyses and
graphical outputs.

Table A.1: List of R packages and versions used in the analysis. The table details
the versions of the packages used throughout this study.

Package Version

alto 0.1.0
broom 1.0.12
car 3.1-5
clue 0.3-67
DirichletReg 0.7-2
dplyr 1.2.0
forcats 1.0.1
Formula 1.2-5
ggplot2 4.0.2
ggbeeswarm 0.7.3
ggpubr 0.6.3
ggrepel 0.9.8
gt 1.3.0
httr 1.4.8
lubridate 1.9.5
magrittr 2.0.4
NLP 0.3-2
pander 0.6.6
patchwork 1.3.2
permute 0.9-10
pheatmap 1.0.13
philentropy 0.10.0
purrr 1.2.1
readr 2.2.0
rstatix 0.7.3
slam 0.1-55
stringr 1.6.0

Continued on next page
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Table A.1 – continued
Package Version

tibble 3.3.1
tidyr 1.3.2
tidyverse 2.0.0
tm 0.7-16
topicmodels 0.2-17
vegan 2.7-3
viridis 0.6.5
viridisLite 0.4.3
ZIM 1.1.0
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A.2 Supplementary Results: Pipeline Validation
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(a) High-Noise Scenario (ϕ = 0.5)
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(b) Low-Noise Scenario (ϕ = 50)

Figure A.1: Variance explained by the first five principal components derived
from the simulated relative abundance matrices. The bar charts display the
percentage of total variance (Y-axis) captured by each of the top five principal components
(X-axis) following a Principal Coordinates Analysis (PCoA) based on Bray-Curtis dissimi-
larities. The left panel (A.1a) illustrates the variance distribution under severe structural
overdispersion (High-Noise Scenario, ϕ = 0.5). The right panel (A.1b) illustrates the
variance distribution under minimal overdispersion (Low-Noise Scenario, ϕ = 50). The
biological effect amplitude (A = 1) and the cohort size (Ng = 50) are maintained constant
in both scenarios. The blue bars represent the specific percentage of variance explained
by each axis, visually quantifying the structural dilution of the biological signal caused by
stochastic noise.

Table A.2: PERMANOVA test results evaluating the cohort signal within the
simulated relative abundance matrices. Permutational Multivariate Analysis of
Variance (PERMANOVA) was performed using Bray-Curtis dissimilarities and 999 free
permutations to quantify the proportion of variance (R2) explained by the predefined
"Group" covariate prior to any latent inference. Results are presented for both the High-
Noise (ϕ = 0.5) and Low-Noise (ϕ = 50) scenarios.

Scenario Pseudo-F R2 p-value

High-Noise (ϕ = 0.5) 2.906 0.038 0.001
Low-Noise (ϕ = 50) 31.737 0.301 0.001
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Table A.3: Mantel test statistics evaluating the global structural preservation
of sample-level topic prevalences (Γ). The table presents the Mantel correlation
coefficient (r) and the associated empirical p-value for both the High-Noise (ϕ = 0.5) and
Low-Noise (ϕ = 50) scenarios. Tests were computed using Pearson’s product-moment
correlation over 999 free permutations, comparing the pairwise distance matrices derived
from the simulated generative prevalences (Gsim) and the inferred proportions (ΓLDA).
The mean diagonal Spearman rank correlation scores are included for reference.

Scenario Mean Spearman Mantel Statistic (r) p-value

ϕ = 0.5 0.30 0.3019 0.001
ϕ = 50 0.99 0.9802 0.001
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(b) (PLDA, ϕ = 0.5)
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(c) (PLDA, ϕ = 50)

Figure A.2: Variance explained by the first five principal components derived
from the generative and inferred taxon observation probability matrices (P ).
The bar charts display the percentage of total variance (Y-axis) captured by each of
the top five principal components (X-axis) following a Principal Coordinates Analysis
(PCoA) based on Bray-Curtis dissimilarities. The left panel (A.2a) presents the variance
distribution of the simulated ground truth (Psim), which serves as the structural baseline.
The middle panel (A.2b) illustrates the inferred matrix (PLDA) under severe structural
overdispersion (High-Noise Scenario, ϕ = 0.5). The right panel (A.2c) illustrates the
inferred matrix under minimal overdispersion (Low-Noise Scenario, ϕ = 50). The biological
effect amplitude (A = 1) and the cohort size (Ng = 50) are maintained constant across all
represented conditions.

A.3 Supplementary Results: Factorial Design Sensitiv-
ity Analyses
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Table A.4: Quantitative reconstruction metrics for the taxon observation proba-
bility matrices (P ). The table presents the Root Mean Square Error (RMSE) computed
element-wise between the simulated ground truth (Psim) and inferred (PLDA) probability
matrices, alongside the Mantel correlation coefficient (r) and its associated empirical
p-value. Mantel tests were computed using Pearson’s product-moment correlation over 999
free permutations to evaluate global structural preservation across both the High-Noise
(ϕ = 0.5) and Low-Noise (ϕ = 50) scenarios.

Scenario RMSE Mantel Statistic (r) p-value

ϕ = 0.5 0.021 0.6855 0.001
ϕ = 50 0.003 0.9953 0.001

Table A.5: PERMANOVA test results evaluating the preservation of the cohort
signal within the sample-level topic prevalences (Γ). Permutational Multivariate
Analysis of Variance (PERMANOVA) was performed using Bray-Curtis dissimilarities
and 999 free permutations to quantify the proportion of variance (R2) explained by the
predefined "Group" covariate. The generative ground truth (Gsim) serves as the structural
baseline, strictly invariant to the dispersion parameter (ϕ). The inferred matrices (ΓLDA)
represent the reconstructed profiles under High-Noise (ϕ = 0.5) and Low-Noise (ϕ = 50)
scenarios.

Matrix Size Parameter Pseudo-F R2 p-value

Generative Baseline (Gsim) Invariant 29.053 0.283 0.001

Inferred Prevalences (ΓLDA) High-Noise (ϕ = 0.5) 5.205 0.066 0.001
Inferred Prevalences (ΓLDA) Low-Noise (ϕ = 50) 29.222 0.284 0.001

Table A.6: Sensitivity analysis of the taxonomic composition reconstruction
scores (β) – Detailed analysis of deviance. The table presents the full output of the
Analysis Of Variance (ANOVA) model, including the Sum of Squares (Sum Sq), degrees
of freedom (Df ), F -statistics, and associated empirical p-values. The model evaluates the
impact of the dispersion parameter (ϕ), cohort size (Ng), and biological effect amplitude
(A) on the taxonomic reconstruction fidelity.

Factor / Interaction Sum Sq Df F -value p-value

ϕ 257.15 4 2975.32 < 0.001
Ng 32.35 3 499.06 < 0.001
A 7.11 4 82.24 < 0.001
ϕ×Ng 0.61 12 2.37 0.005
ϕ× A 0.48 16 1.39 0.134
Ng × A 0.77 12 2.99 < 0.001
ϕ×Ng × A 0.55 48 0.53 0.967
Residuals 105.87 4900 − −

A.4 Supplementary Results: Statistical Modeling
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Table A.7: Sensitivity analysis of the sample-level prevalence reconstruction
scores (Γ) – Detailed analysis of deviance. The table presents the full output of
the ANOVA model, including the Sum of Squares (Sum Sq), degrees of freedom (Df ),
F -statistics, and associated empirical p-values. The model evaluates the impact of the
dispersion parameter (ϕ), cohort size (Ng), and biological effect amplitude (A) on the
prevalence reconstruction fidelity (Spearman correlation).

Factor / Interaction Sum Sq Df F -value p-value

ϕ 570.38 4 4247.43 < 0.001
Ng 12.39 3 122.97 < 0.001
A 4.09 4 30.45 < 0.001
ϕ×Ng 5.13 12 12.72 < 0.001
ϕ× A 1.09 16 2.03 0.009
Ng × A 0.43 12 1.06 0.392
ϕ×Ng × A 1.46 48 0.91 0.652
Residuals 164.50 4900 − −

Table A.8: Sensitivity analysis of the probability reconstruction errors (P ) –
Detailed analysis of deviance. The table presents the full output of the ANOVA
model (derived from a GLM with a Gamma family and log link function), including the
Sum of Squares (Sum Sq), degrees of freedom (Df ), F -statistics, and associated empirical
p-values. The model evaluates the impact of the dispersion parameter (ϕ), cohort size
(Ng), and biological effect amplitude (A) on the global inference error (RMSE).

Factor / Interaction Sum Sq Df F -value p-value

ϕ 3554.81 4 5612.09 < 0.001
Ng 16.53 3 34.79 < 0.001
A 33.58 4 53.01 < 0.001
ϕ×Ng 0.79 12 0.41 0.959
ϕ× A 2.64 16 1.04 0.408
Ng × A 7.80 12 4.10 < 0.001
ϕ×Ng × A 1.19 48 0.16 1.000
Residuals 775.94 4900 − −
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Table A.9: Generalized Linear Model (GLM) evaluating the impact of simulation
parameters on the Type I error rate. The table presents the Odds Ratios (OR) and
their 95% Confidence Intervals (CI) relative to the baseline condition (ϕ = 0.5, Ng = 10).

Parameter Odds Ratio (OR) 95% CI p-value

(Intercept) 0.062 [0.025, 0.133] < 0.001

size (ϕ)
ϕ = 1 1.400 [0.553, 3.697] 0.481
ϕ = 5 1.000 [0.360, 2.777] > 0.999
ϕ = 10 0.489 [0.128, 1.581] 0.249
ϕ = 50 1.265 [0.487, 3.387] 0.629

Cohort Size (Ng)
Ng = 25 0.384 [0.135, 0.963] 0.052
Ng = 50 0.517 [0.204, 1.214] 0.140
Ng = 100 0.789 [0.354, 1.722] 0.553

Table A.10: Generalized Linear Model (GLM) evaluating the impact of sim-
ulation parameters on the statistical power of the model. The table presents
the Odds Ratios (OR) and their 95% Confidence Intervals (CI) relative to the baseline
condition (A = 0.25, ϕ = 0.5, Ng = 10).

Parameter Odds Ratio (OR) 95% CI p-value

(Intercept) 0.006 [0.004, 0.009] < 0.001

Biological Effect (A)
A = 0.5 19.596 [14.464, 26.879] < 0.001
A = 0.75 102.662 [69.753, 154.046] < 0.001
A = 1.0 496.818 [298.288, 856.910] < 0.001

size (ϕ)
ϕ = 1 2.366 [1.722, 3.261] < 0.001
ϕ = 5 7.905 [5.568, 11.320] < 0.001
ϕ = 10 8.042 [5.661, 11.525] < 0.001
ϕ = 50 9.764 [6.822, 14.109] < 0.001

Cohort Size (Ng)
Ng = 25 10.615 [7.813, 14.576] < 0.001
Ng = 50 44.192 [30.621, 64.819] < 0.001
Ng = 100 169.484 [109.075, 269.186] < 0.001
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Inferring cohort differences in microbiota composition using Latent
Dirichlet allocation model

Maxime Cornez

Microbiota composition data are inherently characterized by high sparsity
and stochastic overdispersion, complicating the reliable detection of
cohort-level differences. To address this challenge, this thesis evaluates the
capacity of a joint analytical framework, combining Latent Dirichlet
Allocation (LDA) and PERMANOVA, to infer and test global differences
between microbiota cohorts. An in silico generative process coupled with a
full factorial design is implemented to evaluate the pipeline against controlled
variations in biological signal amplitude (A), cohort size (Ng), and the
Negative Binomial distribution size parameter (ϕ). By exclusively simulating
the cohort effect on the latent topic prevalence matrix (Γ), this framework
isolates the statistical behavior of the pipeline from the confounding factors
of empirical datasets. The systematic evaluation reveals a crucial functional
decoupling between latent space reconstruction and statistical testing. First,
the structural fidelity of the LDA inference is primarily dictated by
overdispersion; extreme variance (ϕ ≤ 1) degrades the accuracy of the
inferred matrices, a degradation that increased cohort recruitment alone
cannot fully compensate for. Despite this, the downstream statistical testing
phase demonstrates consistent reliability. The framework maintains a
controlled Type I error rate (oscillating around 5%), ensuring that extreme
overdispersion does not translate into spurious cohort separations.
Furthermore, the statistical power is primarily governed by the biological
effect amplitude and cohort size, exhibiting compensatory dynamics that
facilitate accurate detection provided the biological contrast is pronounced or
sampling is sufficient. Consequently, this thesis quantitatively maps the
operational limits of the LDA-PERMANOVA pipeline, providing data-driven
guidelines for the experimental design of future microbiota studies.
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